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Bovine respiratory disease (BRD) is a highly dynamic disease complex that results from
host, microbial agent, and environmental interactions. Despite nearly a century of targeted
research, BRD remains the most economically damaging disease in beef cattle production and
appears to be increasing in global incidence. While modern modalities for BRD detection exist,
clinical diagnosis and management decisions largely depend upon clinical observations and their
associated risk of disease. Though these approaches lack precision, they remain in use for many
reasons, including fiscal and time constraints within beef production systems. Advancements in
high-throughput sequencing have demonstrated the ability to provide insight into complex
biological disorders, leading to the development of predictive biomarkers and individualized
therapy. Through the use of observational research methods and previously published data,
transcriptome analyses were used to capture biological information related to the host-disease or
host-pathogen relationship. These studies independently elaborated findings related to host
management of inflammation, ultimately being associated with both acquisition and severity of
BRD. Through advances in sequencing technology and data analysis methodology, novel
components related to host inflammatory mitigation and antimicrobial defense are described for

clinical BRD. Factors related to increased alternative complement activation, decreased
specialized proresolving lipid mediator biosynthesis, decreased antimicrobial peptide production,
and increased type I interferon stimulation were associated with severe clinical BRD. These
findings define molecular networks, mechanisms, and pathways that are associated with BRD
outcome, and may serve as a foundation for precision medicine in beef cattle.
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CHAPTER I
INTRODUCTION
Bovine respiratory disease (BRD) is the most significant disease complex in post-weaned
beef cattle production. Although BRD is one of the most intensively researched disease
complexes in cattle, BRD remains the leading cause of morbidity, mortality, and economic loss
in post-weaned beef cattle production systems across the United States and internationally
(USDA, 2013; Department of Agriculture, Food, and the Marine, 2015; Gulliksen et al., 2009).
The United States alone is estimated to amass over one billion dollars of losses annually,
incorporating production loss, labor expenditure, and mortality, due to BRD (Lima et al., 2016;
Snowder et al., 2005).
The beef production industry is largely a non-integrated system, with production and
economic strategies broadly split into a pre-weaning and post-weaning distinction. Within postweaned production schemes, economic value and predicted profitability of cattle entering
production settings is often associated by “low” or “high” risk categorization. Cattle entering
feeder operations are purchased and placed into “low” or “high” risk category of BRD
development based on factors associated with point of origin and stress factors. Often, purchased
cattle of unknown background and management, low weight (< 250 kg), uncastrated, sold from
co-mingled sale barns, and shipped via interstate travel are considered at the highest risk of
developing BRD (Callan and Garry, 2002; Taylor et. al., 2010; Snowder et al., 2006; Wilson et
al., 2017). While there is a clear indication that this placement system, often employed in stocker
1

and feedlot settings, is capable of demarking disease likelihood in herd settings, the underlying
mechanisms and host gene-by-environment interactions that lead to BRD resistance or
development are not well understood. Therefore, functional genomic evaluation of high-risk beef
cattle may reveal underlying mechanisms and components that could predict and reduce risk of
disease, and better the understanding of BRD-mediating components driven by the host.

Epidemiological risk and preventative measures for BRD
The true incidence of BRD in North America remains somewhat controversial, with
published morbidity ranging from 4-48% of all post-weaned beef animals (Snowder et al., 2006;
USDA, 2013; Anholt et al., 2017). Reported disease incidence of BRD across North America is
quite variable due to seasonality, animal risk association, metaphylactic use of antimicrobials,
diagnostic modalities, and human ability to produce a clear clinical diagnosis. Notably, BRD is a
multifactorial disease complex, with multiple causative links including host interactions with
commensal and/or obligate infectious etiological agents, the host immune status, inflammatory
signaling interactions, and environmental risk factors, such as the stress of weaning, longdistance trailer travel, and novel feeding and housing conditions (Earley et al., 2017; Grissett et
al., 2015; Kishimoto, et al., 2017; Griffin, et al., 2018; Murray, et al., 2017; Nicola, et al., 2017;
O'Connor et al., 2013). Additionally, diagnosis of BRD remains imprecise, often established on
the basis of non-specific clinical signs including elevated rectal temperature, depression,
anorexia, and nasal discharge (Babcock et al., 2009; Timsit et al., 2016; White & Renter, 2009).
While modern diagnostic approaches are continuously emerging, the visual signs associated with
BRD are the most frequently used indicator of clinical disease. Accompanied with the
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understanding of multiple infectious etiologies, BRD is ultimately treated as a non-specific
syndrome with relatively indiscriminate clinical signs.

Cattle source and marketing
One aspect of BRD control is the source and preconditioning status of purchased beef
animals. Research and validated production records demonstrate that animals purchased from
multiple sources or sale barns possess greater variation in size and age and time spent
commingling (Alexander et al., 1989; MacVean et al., 1986; Sanderson et al., 2008).
Consequently, these animals are at greater risk of developing BRD as opposed to single-sourced
animals. Additionally, calves purchased at sale barns possess higher odds for BRD development
compared to those purchased directly from a cow-calf operation (Karren et al., 1987; Step, et al.,
2008). Producers will often employ order-buyers to purchase a particular number and/or body
type of cattle. This can result in the purchase of multiple-sourced animals, which may contribute
to aforementioned risks. This type of purchasing method often leads to the influx of animals
being received to a farm to occur over days at a time, which has been shown to contribute to
prolonged commingling and increased BRD incidence (MacVean et al., 1986; Martin et al.,
1982; Ribble et al., 1995). Furthermore, animals derived from multiple sources will often possess
unknown background and preconditioning history. This often leads to situations where purchased
cattle may have no prior vaccinations or preconditioning (castrated, dehorned prior to sale).
Studies have demonstrated that cattle sold by “conventional methods”, or those animals newly
weaned and not preconditioned, are 4 to 4.5 times more likely to be treated with antimicrobials
than cattle sold as preconditioned animals (MaCartney et al., 2003; Roeber et al., 2011). In
contrast, some studies have demonstrated no significant differences in BRD-associated morbidity
3

rates of conventional versus preconditioned cattle, however there are discrepancies in the
definition of preconditioning (Sanderson et al., 2008; Taylor er al., 2010). Interestingly, Step and
colleagues helped define preconditioning and its aspects, while demonstrating a medical and
financial rationale for the purchase of preconditioned cattle (Step, et al., 2008).
Cattle market trends and cost of post-weaned cattle often dictate the size, and associated
age, and sex of animals purchased. Often, in times when cattle prices are volatile, cattle are often
purchased at lower weight to offset volatile markets and cost of production (typically in average
pounds gained over time) per animal. Studies have demonstrated that cattle purchased at a lighter
weight, often categorized as less than 250 kg, are significantly at risk of developing BRD, when
compared to purchased cattle above 300 kg (Martin et al., 1982; Sanderson et al., 2008; Taylor et
al., 1999; Bateman et al., 1990). In beef production systems, male beef cattle typically possess
higher average daily gains and feed efficiency ratios when compared to female cattle (heifer
calves). Because of this, heifer calves are often priced lower due to their extended period of time
needed to grow to slaughter weight. Accordingly, younger, lighter-weight heifer calves are often
purchased when cattle prices are high. However, it has been demonstrated in several studies that
males, in particular intact (bull) calves, are at higher risk of developing BRD when compared to
heifer calves (Alexander et al., 1989; Gallo & Berg, 1995; Taylor et al., 2010).

Nutrition
While nutritional requirements of growing beef animals are well studied, employment of
adequate nutrition regimens can be difficult. Cost and availability of feedstuffs, seasonality and
weather, geography and climate, and feed bunk and water trough acclimation are critical aspects
of nutritional management in beef cattle production. Use of concentrates and corn silage is
4

common in beef cattle ration mixes, and studies have evaluated whether these feeds influence
BRD susceptibility. Several studies indicate imbalanced crude protein percentages and feed
deprivation increased overall BRD incidence (Fluharty & Loerch, 1996; Lofgreen et al., 1975;
Wilson et al., 1985; Galyean et al., 1999). In addition to concentrate use, studies have evaluated,
with varying results, vitamin and mineral levels in both the diet and cattle and associations with
BRD incidence. Cationic levels have been evaluated in beef cattle feeding studies, and has not
been shown to cause any significant reduction in BRD-associated morbidity and mortality
(Hutcheson et al., 1984; Phillips et al., 1986). Interestingly, vitamin E supplementation remains a
controversial recommendation. One study found that elevated levels of vitamin E in the feed
ration did not significantly reduce BRD incidence (Cusack et al., 2009). Another study
demonstrated that elevated blood levels of vitamin E was associated with decreased BRD
incidence and overall herd treatment cost for BRD (Carter, et al., 2002).

Processing and at-arrival management
Common practice in post-weaned beef animal production schemes is to vaccinate,
deworm, castrate, and dehorn upon arrival to a stocker facility or feedlot, especially if the
animals purchased and received are known to not be preconditioned. Beef cattle that are
castrated at arrival have been shown to routinely possess higher odds, often 4-4.5 times higher,
for developing BRD (Griffin, et al., 2018; Chase et al., 1995). Similarly, dehorning at arrival has
been associated with decreased average daily gain and increased risk for BRD (Martin et al.,
1982). Several studies have been conducted evaluating both the use of delayed processing
protocols and speed of processing with its effect on BRD incidence. To summarize, cattle placed
in facilities which process cattle rapidly at arrival are seen to possess lower BRD rates than those
5

that process cattle less efficiently (Alexander et al., 1989; Taylor et al., 2010). It is notable that
standards for efficiency are not established clearly in beef cattle production schemes and appear
as subjective measurements.

Primary infectious disease agents
Causative pathogens of BRD are categorized by their primary or secondary nature;
primary pathogens are defined by inducing inflammatory and infectious disease, as a direct result
of their colonization within the respiratory tract (Pardon & Buczinski, 2020). Imperative research
has been performed over the past several decades to determine the infectious agents of BRD,
defining pathological mechanisms and associations. Historically, primary virulence is associated
with selective bacterial and viral agents. While research remains unclear as to the specific timing,
length of exposure, and competitive growth of commensal organisms, it is generally understood
that cattle entering a sale barn and novel co-mingling system are exposed to novel pathogenic
organisms and thus are at greater risk for BRD development (Taylor et al., 2010; Cernicchiaro et
al., 2012; Sanderson et al., 2008; Step et al., 2008).

Viruses
While several primary BRD viral agents are known to be associated with or cause lung
disease in cattle, the most frequently recovered are bovine viral diarrhea virus (BVDV), bovine
herpesvirus-1 (BHV-1), bovine respiratory syncytial virus (BRSV), and parainfluenzavirus-3
(PI-3) (Fulton et al., 2009; Ellis, 2009; Pardon & Buczinski, 2020). These viral agents often
initiate mild BRD signs, beginning with their colonization of the upper respiratory tract.
6

Additionally, viruses contribute to host immunosuppression and subsequent risk of bacterial
infection of the lower respiratory tract and pneumonia (Ellis, 2009; Murray et al., 2017; Fulton et
al., 2009). Studies suggest that BRD cases that are predominantly induced by viruses
demonstrate a peak in clinical signs 7-14 days after exposure, in association with positive culture
of pathogenic bacteria from the upper and lower airways (Callan & Garry, 2002; Fulton et al.,
2009; Murray et al., 2017; Fulton, 2009). While synergistic interaction of viruses and commensal
bacteria is well appreciated in the pathogenesis of BRD, several studies have identified severe
lung disease associated primarily with viral agents (Ng et al., 2015; Ganheim et al., 2003). Both
BRSV and BHV-1 have been shown to initiate direct damage to lower airway epithelium and
parenchyma (Van der Poel, et al., 1996). Additionally, specific strains of IBR and non-cytopathic
BVDV can cause severe clinical BRD, with an accompanying rapid increase in type II interferon
production being identified prior to the typical 10-14-day timeline associated with clinical
disease (Orr et al. 1990; Schmidt et al., 2006; Ganheim et al., 2003). Non-cytopathic BVDV also
possesses mechanisms that mitigate normal host anti-viral responses, suggesting that virus
induced immunosuppression may facilitate continuing infection and spread of the virus (Cheng
et al., 2017; Peterhans & Schweizer, 2013; Lee et al., 2008).

Bacteria
Mannheimia haemolytica, Histophilus somni, Pasteurella multocida, and Mycoplasma
bovis are the BRD bacterial pathogens most commonly detected during ante- and post-mortem
sampling (Gagea et al., 2006; Taylor et al., 2010; Griffin et al., 2010). These four bacteria have
all been cultured from the upper respiratory tract of non-diseased cattle, illustrating their
commensal nature (Griffin et al., 2010; Taylor et al., 2010; Fulton et al., 2002). Metagenomic
7

analysis of respiratory samples identifies these bacteria as a small part of the overall diversity
(richness) of normal respiratory microflora. Through their colonization and increasing abundance
in BRD, these bacteria become dominant and therefore decrease the overall diversity/richness of
the respiratory microflora (Klima et al., 2019; Holman et al., 2017; Timsit et al., 2020). Research
into the pathogenesis of bacterially induced BRD indicates that pathogenic bacteria are
introduced and/or outcompete native microflora within the oronasal cavity, or within the tracheal
mucociliary apparatus, inducing cellular necrosis and subsequent pro-inflammatory signaling in
the host (Griffin et al., 2010; Rice et al., 2007).
Several bacterial pathogens are known to have specific virulence mechanisms that
impede both host immunological function and certain therapeutic modalities, leading to
decreased bacterial clearance. Members of the Pasteurellaceae family are known to possess
integrative conjugative elements and accompanying antimicrobial resistance genes, which can be
horizontally transferred via plasmid secretion systems (Clawson et al., 2016; Kehrenberg &
Schwarz, 2005; Zimmerman & Hirsh, 1980; Katsuda et al., 2012). Additionally, as gramnegative bacteria, members of the Pasteurellaceae family can release lipopolysaccharide (LPS),
leading to an overabundance of pro-inflammatory signaling that ultimately impedes host
defenses (Gioia et al., 2006; Griffin et al., 2010; Pandher et al., 1998). Histophilus somni
possesses the ability to release an exopolysaccharide (EPS) during biofilm formation which
improves the ability of the pathogen to colonize and embed into mucosal tissue and spread
through lymphatic and hematological systems (Sandal et al., 2011; Berghaus er al., 2006;
Corbeil, 2007).

8

Pathogenic exposure and disease severity
BRD is clearly a polymicrobial disease complex, with the potential for a multitude of
host-pathogen interactions taking place during the course of disease. However, mechanistic
understanding of the scope and nature of host-pathogen interactions is limited. Several studies
have demonstrated that exposure to single infectious agent alone typically elicits a mild disease
course whereas combined exposure to viral and bacterial etiologies increases BRD severity and
mortality (Shahriar et al., 2002; Gershwin et al., 2015; Theurer et al., 2015, Colby et al., 2017;
Callan & Garry, 2002). Furthermore, the majority of animals placed into feeding systems do not
demonstrate signs of clinical BRD that warrant antimicrobial treatment (Snowder et al., 2006;
USDA, 2013; Anholt et al., 2017). This indicates that a large number of animals are naturally
preventing clinical disease, combating unrecognized subclinical BRD, or never become infected.

Diagnostics and therapeutics
Clinical diagnosis of BRD is most commonly made from overt visual signs associated
with BRD. Established clinical signs that indicate BRD include depressed demeanor, such as
abnormal head and ear position, nasolacrimal discharge, anorexia, increased respiratory rate and
effort, stridor, and coughing (Griffin et al., 2010; Schneider et al., 2010; Babcock et al., 2009;
White et al., 2009). When caretakers identify these signs, animals are typically removed from
their pen for examination to confirm the need for treatment; this process is often referred to as
“pulling”. While this manner of detection has been employed for decades, it fails to distinguish
cattle with subclinical BRD or that possess non-specific clinical signs of non-respiratory
disorders, such as endocarditis, subacute or acute ruminal acidosis, or hepatic
abscessation/infarction (Apley, 2006; Smith et al., 2020; Vandermeulen et al., 2016; Taylor et
9

al., 2010). Furthermore, there remains no gold standard, short of necropsy, for the definite
diagnosis of BRD. Thus, there is no standard that can be used to evaluate other methods of BRD
diagnosis. Studies that employed Bayesian probabilistic methodology to compare pulmonary
lesions at time of harvest, a proposed postmortem indicator of BRD, have estimated the
diagnostic sensitivity of visual detection to be 27-63% (White & Renter, 2009; Timsit et al.,
2016). It is apparent that visual identification lacks acuity and temporal association with disease
course and severity.
Research to develop more accurate BRD diagnostic modalities and recognize clinical
manifestation earlier is a current area of interest in beef cattle production. Automated
microphone monitoring of coughing sounds within calf houses, with accompanying sound
analysis algorithms, has been investigated, demonstrating outstanding specificity (99.2%), but
low clinical sensitivity (50.3%) in detecting antemortem BRD (Vandermeulen, et al., 2016). The
development of an approach to BRD identification using cattle behavior patterns, referred to as
the remote early disease identification (REDI) system, has shown promise in terms of identifying
cattle that require BRD treatment earlier (~6 days, p < 0.01) and decreasing the overall usage of
antimicrobials (~0.92 doses per animal, p < 0.01), when compared to conventional visual
management systems (White et al., 2015). However, the investigators found no difference in
overall performance or health status across the treatment groups. Numerous studies have
employed transthoracic ultrasonography to identify lung consolidation and infectious
bronchopneumonia in young cattle. Across three studies, non-weighted sensitivity (85.0-94.0%)
and specificity (87.5-100.0%) appear rewarding (Ollivett et al., 2015; Berman et al., 2019;
Rabeling et al., 1998). However, these results are acquired from relatively small studies and may
overestimate total accuracy (Pardon & Buczinski, 2020). Collectively, many modern diagnostic
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modalities are relatively labor intensive, require substantial maintenance and startup cost, and
may not appeal to all production systems.
The lack of diagnostic accuracy associated with BRD makes targeted antimicrobial
therapy particularly challenging for beef cattle producers and veterinarians. Coupled with the
growing concern of antimicrobial resistance in many bacterial pathogens and the lack of
treatment options against pathogenic viruses, an ability to mitigate BRD through a novel
therapeutic modality is of the utmost importance. Generally, frequency of antimicrobial BRD
treatment is highest in the first 42 days following arrival to a post-weaned production system (Ji
et al., 2020; Kiser et al., 2017; Avra et al., 2017). To mitigate risk of BRD, the mass
administration of antimicrobials at arrival (metaphylaxis) is often applied to high risk cattle.
Research evaluating metaphylactic use of antimicrobials has routinely demonstrated the practice
to reduce overall rates of BRD-attributed morbidity and mortality, when compared to herds that
do not receive metaphylaxis (Abell et al., 2017; Nickell & White, 2010; Ives & Richeson, 2015).
However, multidrug resistant bacteria associated with BRD have increased in prevalence over
recent years, threatening this approach (Diana et al., 2020; Klima et al., 2020; Alexander et al.,
2020; Credille, 2020; Schönecker et al., 2020).
Multivalent vaccines against known BRD pathogens are widely available and are
commonly used in post-weaned beef cattle production systems. Despite this, vaccine protocols
and overall usage have come into scrutiny because their efficacy in reducing overall BRDassociated morbidity and mortality is highly variable. Commonly, multivalent vaccines are
administered to cattle at or near facility arrival where research suggests that this practice
provides reduction in the overall BRD incidence (Griffin et al., 2018; Wagner et al., 2018;
O’Connor et al., 2019). Delaying vaccination by at least 14 days post-arrival may improve
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overall immunological response and decrease rates of BRD morbidity (Griffin et al., 2018;
Richeson et al., 2008; Wilson et al., 2017).

Next generation RNA sequencing in cattle health and BRD
BRD constitutes an abnormality of host defense and its associated cellular and molecular
functions. Infectious disease, as a concept, is a culminative, ecological event, relying on root
causes related to host and infectious agent interactions, coupled with environmental factors that
result in a deleterious effect. In order to capture and investigate the vast complexity in functional
biology related to disease state, genome sequencing and transcriptomics have become a
cornerstone of modern biological investigation. Transcriptomics, first employed through Sanger
sequencing methodology, was initially used to describe corresponding read fragments of genes
of interest and illustrate differences in expression in tissues or individuals (Piétu et al., 1999;
Velculescu et al., 1995; Audic & Claverie, 1997). More recently, advances in microarray and
high-throughput RNA sequencing (RNA-Seq) technology and their analyses have facilitated an
exponential increase in data availability and provided the capability to comprehensively
investigate cells or tissues for the first time (van Dijk et al., 2014; Wang et al., 2009; Lowe et al.,
2017). Specifically, transcriptomics is the technique of isolating, fragmenting, and synthetically
reverse transcribing transcripts within tissue samples, for the subsequent sequencing and
estimation of abundance of all potentially active transcripts (Wang et al., 2009). Notably,
transcriptomics, and specifically RNA-Seq, remains a relatively new field, especially in
veterinary science, and procedures for data handling and analysis are somewhat variable (Conesa
et al., 2016; Lim & Mathuru, 2020). Nonetheless, transcriptomics may facilitate new
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understanding related to host and pathogen functions that are associated with BRD, and allow for
the development of novel concepts related to prognostic, diagnostic, and therapeutic modalities.

Pathogen profiling
Transcriptome analysis has been utilized to understand pathogen gene expression and
functional responses related to infection and antimicrobial therapy. To evaluate bacterial gene
expression during peak clinical disease, Mannheimia hemolytica A1 was grown in vitro and
administered to cattle via intrabronchial infusion. The bacteria were then collected from the
bronchial wash of cattle euthanized at peak clinical presentation (6 days post-challenge)
(Sathiamoorthy et al., 2011). While the functional components of the Mannheimia hemolytica
A1 genome assembly were not well characterized at this time, this study demonstrated a decrease
in the expression of virulence genes, such as leukotoxin, and protease activity, indicating a
mechanism for immunoevasion and generation of persistent infection (Gioia et al., 2006;
Sathiamoorthy et al., 2011). Pasteurella multocida Pm70 was cultivated and grown in vitro,
where colonies were exposed to sub-MIC levels of amoxicillin, chlortetracycline, and
enrofloxacin and then transcriptomically profiled (Nanduri et al., 2009). Though varying
transcriptomic signatures were seen across exposure to the three antimicrobial agents, there was
a common reduction in defense mechanisms, carbohydrate metabolism, inorganic ion transport,
and metabolite biosynthesis (Nanduri et al., 2009). Additionally, even though the organisms were
exposed to a sub-lethal concentration of antimicrobials, there was an overall decrease in capsule
transport genes and associated virulence factors (Nanduri et al., 2009). In addition to differential
gene expression, transcriptomics has been utilized to correct annotation errors and identify both
protein and non-protein coding regions of bacterial assemblies (Reddy et al., 2012; Kumar et al.,
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2012). These two studies identified and mapped 14 and 38 novel protein coding regions and 44
and 94 novel non-protein coding regions for Mannheimia haemolytica PHL213 and Histophilus
somni 2336, respectively (Reddy et al., 2012; Kumar et al., 2012).

Host cell profiling
Several investigations have examined gene expression in vitro, in bovine cells that were
directly exposed to infectious agents involved in BRD. One study was conducted to evaluate the
expression response of bronchial epithelial cells following in vitro exposure to BHV-1,
Mannheimia haemolytica, or the combination of both (N'jai et al., 2013). The exposure to
Mannheimia haemolytica caused an overall increase in pro-inflammatory cytokine production
(CXCL2, IL-6, IL-1a, and IL-8) when compared to BHV-1. Interestingly, coinfection of both
BHV-1 and Mannheimia haemolytica led to an overall increase in VEGF, EDN2 and CSF2
production, which may contribute to increased lung consolidation and enhanced virulence due to
a synergistic virus-bacterial relationship. MicroRNA (miRNA), which are small non-coding
RNAs responsible for regulating gene expression, have been profiled in alveolar macrophages
from healthy Holstein–Friesian calves as a reference for future comparisons (Vegh et al., 2013).
Several miRNAs identified as highly expressed in healthy cattle, such as miR-21, miR-27, and
miR-146, are associated with leukocyte functions (Cheng et al., 2012; Liu et al., 2012; Vegh et
al., 2013). Subsequently, Bhuku and colleagues evaluated the gene expression pattern of bovine
peripheral blood mononuclear cells (PBMC) from cattle vaccinated against Mycobacterium bovis
(2012). This study determined that TH1-mediated signaling, and subsequent IL-22 and IFN-γ
production, were increased in association with immunity to Mycobacterium bovis (Bhuku et al.,
2012).
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Host tissue profiling
Select recent studies have evaluated the host response to stress and experimentally
induced BRD, by using RNA-Seq on whole tissues. To evaluate the effects of weaning on the
immune system, one study profiled the gene expression profiles of whole blood samples across
animals that were abruptly weaned (n=6) or housed with dams (n=6) (O'Loughlin et al., 2012). In
animals that were abruptly weaned, genes and mechanisms related to neutrophil chemotaxis, proinflammatory cytokine production, integrin binding, and G-protein-coupled receptor (GPCR)
signaling were increased by day 7 following weaning (O'Loughlin et al., 2012). Additionally,
abruptly weaned cattle demonstrated a decrease in genes related to collagen synthesis, both when
compared to non-weaned controls and to their own expression levels prior to weaning. These
findings highlight gene products that mediate acute inflammation and detriments to cellular
homeostasis due to abrupt weaning, revealing novel insights to why newly weaned cattle are at
high risk of developing disease such as BRD. Lastly, two studies employed transcriptomics to
evaluate immunologic tissues from cattle that were experimentally challenged with BRSV,
BHV-1, BVDV, Pasteurella multocida, Mannheimia haemolytica, or Mycoplasma bovis.
Analyses were performed during peak clinical signs of BRD and were compared to expression in
immunologic tissues from non-challenged control cattle (Tizioto et al., 2015; Behura et al.,
2017). In one investigation, Tizioto and colleagues evaluated bronchial lymph node tissue from
challenged animals and identified 25 differentially expressed genes that were common to all
pathological challenges (2015). These 25 genes all possessed known roles associated with
neutrophil activity and danger-associated molecular pattern (DAMP) recognition (Schiopu &
Cotoi, 2013). Additionally, this study identified pathogen-specific responses that may suggest
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variation in pathogen-specific immune mechanisms and association of etiological BRD risk
(Schiopu & Cotoi, 2013). Behura and colleagues, utilizing the same animals and challenge model
as Tizioto and colleagues (2015), performed transcriptome analyses of multiple tissues (lung and
upper respiratory lymphatic tissue) in order to evaluate immunologic “crosstalk” and drivers of
the immunologic response to pathogens (Behura et al., 2017). This study largely concluded that
immunologic responses assessed were related to the tissue evaluated, and specific response to
infection appears to be more dependent upon tissue site than the infectious etiologic agent
(Behura et al., 2017).

Conclusions
BRD is a polymicrobial, multifactorial disease complex that is often diagnosed and
treated through non-specific modalities. Although BRD is the leading cause of morbidity in beef
cattle, the majority of cattle that enter post-weaned production settings are never treated for
BRD. This suggests that, specifically in high-risk settings, cattle may naturally mitigate disease
and/or succumb to subclinical BRD. Research on cattle in production settings that compares
cattle that naturally develop versus those that resist BRD, will enable identification of hostdriven mechanisms that segregate with these BRD outcomes. By employing transcriptomic
methodologies for BRD research, we hypothesize that it will be able to identify and ultimately to
predict biological events that segregate with BRD susceptibility. To date, transcriptomic research
related to BRD has primarily focused on risk association or animals experimentally challenged
with agents. However, these approaches fail to capture the complexities of BRD as it exists in
real-world cattle populations. By utilizing this modality in naturally occurring beef production
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populations, wherein the complexities of natural BRD disease are assured, candidate predictive
biomarkers for BRD of relevance to beef production settings can be identified.
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CHAPTER II
HOLE BLOOD TRANSCRIPTOMIC ANALYSIS OF BEEF CATTLE AT ARRIVAL
IDENTIFIES POTENTIAL PREDICTIVE MOLECULES AND MECHANISMS
THAT INDICATE ANIMALS THAT NATURALLY RESIST
BOVINE RESPIRATORY DISEASE
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(2020). Whole blood transcriptomic analysis of beef cattle at arrival identifies potential
predictive molecules and mechanisms that indicate animals that naturally resist bovine
respiratory disease. PloS one, 15(1), e0227507. https://doi.org/10.1371/journal.pone.0227507

Abstract
Bovine respiratory disease (BRD) is a multifactorial disease complex and the leading
infectious disease in post-weaned beef cattle. Clinical manifestations of BRD are recognized in
beef calves within a high-risk setting, commonly associated with weaning, shipping, and novel
feeding and housing environments. However, the understanding of complex host immune
interactions and genomic mechanisms involved in BRD susceptibility remain elusive. Utilizing
high-throughput RNA-sequencing, we contrasted the at-arrival blood transcriptomes of 6 beef
cattle that ultimately developed BRD against 5 beef cattle that remained healthy within the same
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herd, differentiating BRD diagnosis from production metadata and treatment records. We
identified 135 differentially expressed genes (DEGs) using the differential gene expression tools
edgeR and DESeq2. Thirty-six of the DEGs shared between these two analysis platforms were
prioritized for investigation of their relevance to infectious disease resistance using WebGestalt,
STRING, and Reactome. Biological processes related to inflammatory response, immunological
defense, lipoxin metabolism, and macrophage function were identified. Production of specialized
pro-resolvin mediators (SPMs) and endogenous metabolism of angiotensinogen were increased
in animals that resisted BRD. Protein-protein interaction modeling of gene products with
significantly higher expression in cattle that naturally acquire BRD identified molecular
processes involving microbial killing. Accordingly, identification of DEGs in whole blood at
arrival revealed a clear distinction between calves that went on to develop BRD and those that
resisted BRD. These results provide novel insight into host immune factors that are present at the
time of arrival that confer protection from BRD.

Introduction
Bovine respiratory disease (BRD) is the leading cause of morbidity and mortality in cattle
in the United States (USDA, 2013). BRD is a multifactorial disease complex; causative factors
include interactions between infectious etiological agents, host immune response, and
environmental risk factors (Grissett et al., 2015; Earley et al., 2017; Kishimoto et al., 2017). The
syndrome is often recognized in young, newly weaned beef cattle experiencing the stresses of
weaning, shipping, and novel feeding and/or housing environments (Avra, et al., 2017;
Reinhardt, et al., 2009; Taylor et al., 2010). The infectious etiological agents associated with
BRD and disease-mitigating management protocols have been studied extensively; however,
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understanding of the complex interactions between these factors and how the genomic
background of individual animals influences disease susceptibility remains elusive (Griffin et al.,
2010; Nicola et al., 2017; Murray et al., 2017; O'Connor et al., 2013; Larson & Step, 2012;
McVey, 2009). Additionally, diagnosis of BRD remains imprecise and is often established based
on clinical signs including elevated rectal temperature, depression, anorexia, and nasal discharge
(Babcocket al., 2009; Timsit et al., 2016; White & Renter, 2009). The investigation of genetic
and molecular mechanisms related to BRD susceptibility or resistance could lead to discovery of
biomarkers that enable more accurate BRD diagnosis.
Because of the dynamic complexity of immunological defense against BRD and the wide
assortment of factors influencing morbidity, emerging technologies have promise for advancing
disease identification and prediction. For example, genome-wide association studies (GWAS)
have been implemented to identify quantitative trait loci (QTLs) associated with resistance to
BRD. Candidate genomic areas related to cell adhesion activity, fibrinolysis, and inflammatory
mediation have been identified (Neibergs et al., 2014; Lipkin et al., 2016; Neupane et al., 2018).
Although studies involving SNP genotyping of cattle offer encouraging observations of trait-loci
relationships, GWAS alone have limitations. SNP prediction can be over-estimated due to
sample size bias and breed genomic similarity, which often cannot be corrected with independent
validation testing (Wray et al., 2013; Korte & Farlow, 2013). Additionally, SNP association
without gene expression data often cannot account for joint interaction of multiple genes or geneprotein interactions (Fridley & Biernacka, 2011; Klein et al., 2012).
There is evidence that the dynamic interactions that characterize disease and host immune
factors can be elucidated using transcriptomic analysis via RNA-Seq, in order to identify
relationships between host gene expression and BRD outcome. As a complement to GWAS,
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RNA-Seq analysis provides a highly sensitive methodology for transcript expression detection,
without need for prior knowledge of the genome (Wang et al., 2010). Recently, whole blood
RNA-Seq has been used to discover gene expression signatures for clinical phenotyping of
patients affected by human rhinovirus and acute respiratory distress syndrome (ARDS)
(Waghmare et al., 2019; Englert et al., 2019). These studies demonstrate that whole blood RNASeq analysis can be used to identify biomarkers that predict or diagnose respiratory disease.
However, to our knowledge, there has been no study that has identified differentially expressed
gene products in whole blood of cattle at high risk for BRD.
This study profiles the whole blood transcriptome in post-weaned beef cattle that went on
to develop BRD and also in cattle that ultimately resisted BRD. These blood samples were
collected when the cattle were first purchased and before disease was identified. Our aim in the
timing of this blood collection was to identify gene products that characterize the biological
status of typical calves which have been recently weaned, transported, and co-mingled prior to
facility arrival in order to identify gene products associated with BRD resistance. By comparing
DEGs in cattle that developed BRD versus those that did not, we provide a characterization of
biological interactions that may contribute to both the development of and resistance to BRD.

Materials and methods
Animal use and management
This research was approved by the Mississippi State University Institutional Animal Care
and Use Committee (IACUC protocol #17-120). This experiment was a subset of a larger study
focused on examining the effect of on-arrival vaccination and deworming on health and
performance outcomes (Griffin et al., 2018). Eighty crossbred steers (n=16) and bulls (n=64)
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were received from local livestock auctions over a two-day period (day -3, day -2). On day 0,
bull calves were surgically castrated, and all animals were given identification ear tags. All cattle
were tested for persistent infection with bovine viral diarrhea virus (BVDV) via ear notch
antigen capture ELISA; no BVDV-positive calves were identified. Animals were randomly
placed into twenty pens to assure even distribution of body weight and fecal egg counts. Calves
were weighed on days 0, 14, 28, 42, 56, 70, and 84, and average daily gain was calculated every
14 days and for the entire study.
Animals were managed daily by staff trained to identify medical problems including
lameness and signs of BRD. Clinical signs of BRD were assigned severity scores of 1-4 based on
visual inspection using an adapted approach described by Step et al. (2008). Animals given a
score of 1 or 2, which also had a rectal temperature > 40° C, or a score of 3 or 4, regardless of
rectal temperature, were treated with antimicrobials. The use of antimicrobial therapy in this
study has been described by Woolums et al. (2018) Briefly, first-time treatment for any calf that
was clinically diagnosed with BRD was ceftiofur crystalline free acid (Excede, Zoetis) at 1.5
mg/kg subcutaneously (SC) at the base of the ear, given once. Animals diagnosed with BRD a
second time, 7 days or greater after the first treatment, were treated with florfenicol (Nuflor,
Merck Animal Health) at 40 mg/kg SC, given once. Animals diagnosed with BRD a third time, 4
days or greater after the second treatment, were given oxytetracycline (Noromycin 300 LA,
Norbrook) at 20 mg/kg SC, given once. Cattle whose signs of BRD persisted following treatment
with oxytetracycline were monitored carefully for pre-determined endpoints indicating that the
animal was unlikely to recover followed by euthanasia if deemed appropriate by project
veterinarians.
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Initial animal selection
Forty of the 80 cattle enrolled in the larger study were not dewormed at arrival (day 0).
24 of these 40 non-dewormed cattle were randomly selected via the RANDBETWEEN function
in Excel (Microsoft) for at-arrival (day 0) whole blood sampling via the jugular vein. Blood was
collected into Tempus tubes (Applied Biosystems). As this investigation was a subset of a larger
study designed to examine vaccination and deworming effects on health and performance
(Griffin et al., 2018), 12 of the 24 cattle that had blood collected were not vaccinated at arrival.
The remaining 12 cattle that had blood collected were vaccinated (day 0) using modified live
virus vaccines against bovine herpesvirus-1, bovine viral diarrhea virus types 1 and 2,
parainfluenza type 3 virus, and bovine respiratory syncytial virus (Express 5, Boehringer
Ingelheim Vetmedica). Those 12 cattle also received vaccination against Clostridium chauvoei,
septicum, novyi, sordelli, and perfringens types C and D (Vision 6 with SPUR, Merck Animal
Health). Vaccines were given SC. Blood tubes were stored at -80°C until analysis.
Production and treatment records of all animals were recorded throughout the course of
the study. After the study was completed, 11 of the 24 randomly sampled animals were identified
to have been treated for BRD within the first 28 days of the study. The remaining 13 of the 24
randomly sampled animals were never identified to have signs of BRD; for simplicity, these
cattle are subsequently referred to as “healthy”. Six healthy and 6 BRD animals from the 24
randomly sampled cattle were selected for RNA sequencing, based on even distribution of
vaccination status at arrival between the two groups; 3 animals in each group had been
vaccinated after blood collection on day 0 and 3 had not. None of the healthy cattle died, while 3
of the 6 cattle in the BRD group died of their naturally occurring BRD in spite of treatment; two
died on study day 17 and one died on study day 51. Necropsy of the three cattle at the time of
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their death confirmed the diagnosis of BRD, with all 3 animals testing positive for Mannheimia
haemolytica upon bacterial lung culture. The average daily weight gain (ADG) for the 84-day
trial was higher in healthy cattle than BRD cattle. More information about the cattle is presented
in Appendix A.

RNA extraction and sequencing
RNA extraction, concentration and quality evaluation, along with library preparation, and
RNA sequencing were performed by the UCLA Technology Center for Genomics and
Bioinformatics (UCLA TCGB, Los Angeles, CA, USA). mRNA purification was performed
using the Tempus Spin RNA Isolation Kit (Applied Biosystems). mRNA quality and
concentrations were measured using Agilent 2100 Bioanalyzer (Agilent). All mRNA samples
were of high quality (RIN: 7.4-9.7, mean = 9.0). Paired-end cDNA libraries were generated
(TruSeq stranded mRNA, Illumina) and sequencing was performed using an Illumina HiSeq
3000 (Illumina, v3.3.76; SBS reagent kit) in 2 × 150 base pair length reads in two lanes, at 80M
reads per sample.

Data processing and RNA-Seq analysis
Raw sequencing reads were pre-processed using FastQC software v0.11.8 to assess read
quality (Andrews, 2018). Reads were quality filtered and trimmed using Trimmomatic v0.38
(Bolger et al., 2014). Leading and trailing bases of each read were removed if they were below a
base quality score of 3. Trimming was performed by scanning each read with a 4-base pair
sliding window and removing read segments below a minimum base quality score of 15. Finally,
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only sequences with a minimum read length of 36 bases were kept for read mapping. Trimmed
reads were processed and mapped to the bovine reference genome assembly ARS-UCD1.2
(USDA ARS, 2018) using HISAT2 v2.1.0 (Kim et al., 2015). An index assembly was created
using the hisat2-build function, allowing for the alignment of reads to the bovine reference
genome assembly. Mapped reads in sequence alignment/map format (.sam) were converted to
binary alignment/map format (.bam) with SAMtools (Li et al., 2009; Li et al., 2011).
Transcript/gene assembly and quantification were performed using StringTie v1.3.4 (Pertea et
al., 2015; Pertea et al., 2016). Assembly tracking and evaluation were classified using
GffCompare v0.11.2 (Pertea & Kirchner, 2018). After assembly, a gene-level count matrix was
generated from each sample using Python v2.7.16, utilizing the program prepDE.py (Pertea,
2018). One sample (S_72), from the healthy group, was removed from further analysis due to
low read count quantity.
Differential gene expression analysis was conducted in R using two tools from the
Bioconductor R-package: edgeR v3.24.3 (Robinson et al., 2010; McCarthy et al., 2012) and
DESeq2 v1.22.2 (Love et al., 2014). Animals were grouped and factored based on BRD status,
and each replicate was placed into a “BRD” or “Healthy” category. Pre-processing of gene
counts in edgeR was performed using the filterByExpr package in edgeR, with default settings,
in order to retain genes which have an adequate count for statistical assessment. Low read counts
in DESeq2 were processed by removing genes with a sum of less than 10 counts across all
samples. Gene products identified as differentially expressed with both edgeR and DESeq2 were
used for downstream analysis. Both programs use a negative binomial distribution of the read
count data in comparing groups, but differ in normalization methodology (Robinson et al., 2010;
Anders & Huber, 2010; Maza, 2016). Multidimensional scaling was applied to the gene
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expression data after count filtering, using the plotMDS function from the edgeR package.
Identification of DEGs was performed using likelihood ratio testing with a false discovery rate
(FDR) of ≤ 0.10 ((Benjamini & Hochberg, 1995). Heatmapping was performed with the R
package pheatmap v1.0.12 (Kolde, 2019).

Overrepresentation analysis
Gene ontology (GO) and biological pathway overrepresentation analysis of the DEGs
were both performed in the WebGestalt 2019 (WEB-based GEne SeT AnaLysis Toolkit) online
database, using human orthologs of the 36 bovine gene products (Liao et al., 2019; Zhang et al.,
2005). After removal of 8 pseudogenes and uncharacterized genes, 28 DEGs were analyzed to
identify overrepresented GO biological pathways. Biological pathway overrepresentation was
also performed using these 28 DEGs in WebGestalt 2019, utilizing the Reactome database
(Fabregat, et al., 2018). All analyses with an adjusted p-value (FDR) of < 0.10 were considered
significantly enriched.

Network analysis of DEGs
Protein-protein interactions were evaluated using Search Tool for the Retrieval of
Interacting Genes (STRING) database v11.0, by employing the same human orthologs of the
DEGs used in the overrepresentation analysis (Szklarczyk et al., 2019). Networks of functional
partners were constructed to identify molecular interactions and regulatory gene products.
STRING uses text mining, experimental data, database searches, co-expression, and physical
interaction information as sources for interaction criteria. Interactions were considered relevant if
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they had medium or greater confidence as defined in STRING. Protein-protein interaction
modeling was performed in two parts: 1) to determine if gene products higher in expression in
healthy cattle formed functional networks and 2) to determine if gene products higher in
expression in BRD animals formed functional networks with the addition of predicted
interactors. Network clustering of the DEGs higher in expression in healthy animals was
performed with the k-means algorithm within the STRING interface, empirically pre-set to 4
clusters, with omission of disconnected nodes (i.e. gene products).

RT-qPCR validation
Four gene products identified as differentially expressed by RNA-seq were selected for
validation in the study cohort of healthy and diseased cattle. Expression of IL5RA, GATA2,
ALOX15, and HPGD were quantified using real-time quantitative polymerase chain reaction
(RT-qPCR). DDX31 and UBE2Q1 were employed as housekeeping genes in RT-qPCR
reactions. These housekeeping genes were selected using NormFinder, based upon consistent
expression across diseased and non-diseased cattle in the previously detailed RNA-Seq dataset
(Andersen et al., 2004). Total RNA was isolated from stored whole blood samples from the
validation cohort using the Tempus Spin RNA Isolation Kit protocol (ThermoFisher Scientific).
RNA concentration was assessed with a NanoDrop 8000 Spectrophotometer (ThermoFisher
Scientific); 1000ng of RNA was reversed transcribed into cDNA with qScript cDNA SuperMix,
using the kit protocol (Quanta Biosciences). Quantitative PCR was performed with PerfeCTa
SYBR Green FastMix, Low ROX (Quanta Biosciences) in an Applied Biosystems 7500 Fast
Real-Time PCR System (ThermoFisher Scientific), using a 40-cycle, two-step protocol with 50
ng of RNA in each reaction well. All reactions were performed in triplicate. Melting curve
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analysis was performed to validate the specificity of all amplifications. Relative gene expression
was analyzed with the 2-ΔΔCt method (Livak & Schmittgen, 2001). Primers were developed
with the online tool Primer-BLAST (Ye et al., 2012). Log2 fold changes were calculated for
BRD animals relative to the healthy animals. Pearson correlation coefficient was calculated
between the fold changes identified in RNA-Seq and RT-qPCR analysis. Student’s t-testing was
performed for determining significance in RT-qPCR fold changes between healthy and BRD
groups. Differences were considered statistically significant with a p-value < 0.05.

Results
Identification of DEGs in cattle at arrival
A total of 135 gene products were differentially expressed between healthy and BRD
animals, 36 of which were identified as differentially expressed with both edgeR and DESeq2
(Figure 2.1). Complete list of DEGs identified through edgeR and DESeq2 analyses is available
as Supplemental file S4 in publication (doi: 10.1371/journal.pone.0227507). To visualize the
level of similarity between individual cattle based on their relative gene expression patterns,
multidimensional scaling (MDS) was applied to gene expression data from the 6 BRD and 5
healthy individuals (Figure 2.2). Each point on x- and y- axes represents each animal and their
transformed Euclidean distance in two dimensions, discerned as leading log2-fold change
between the genes that best differentiate each animal. Clustering of gene expression in healthy
samples is evident, while gene expression patterns in BRD animals are clearly more dissimilar.
A heat map of the 36 DEGs that were common to both edgeR and DESeq2 was generated
to visualize expression patterns across all 11 individuals (6 BRD and 5 healthy) (Figure 2.3).
Expression patterns in this heat map are accompanied by hierarchical clustering of genes (rows)
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and samples (columns), where gene-wise variation was standardized using z-score statistics from
trimmed mean of M-values (TMM) normalization. Hierarchical clustering of samples based on
expression patterns of DEGs grouped BRD cattle into one cluster and healthy animals into a
separate cluster, substantiating a clear distinction between healthy and BRD cattle based on gene
expression for these 36 gene products.

Overrepresentation analysis of DEGs
GO term enrichment analysis performed in WebGestalt 2019 identified over-represented
biological processes from the DEGs that were common to edgeR and DESeq2 analyses. We
identified 7 significantly overrepresented biological processes, using an FDR-adjusted p-value <
0.10 (Table 2.1). The significant biological processes were inflammatory response, defense
response, regulation of macrophage differentiation, lipoxin metabolic process, lipoxin
biosynthetic process, regulation of inflammatory response, and macrophage differentiation.
Primarily, these processes are related to cellular inflammatory responses and leukocyte
immunophysiology. These biological processes were predominantly enriched for genes that were
higher in expression in healthy animals.
Using WebGestalt 2019 with the selection of the functional database Reactome,
biological signaling pathways that were over-represented by the DEGs common to edgeR and
DESeq2 analysis were identified. Five pathways were identified as significantly enriched (FDR
< 0.10; Table 2.2). The significant pathways were the biosynthesis of E-series 18(S)-resolvins,
biosynthesis of eicosapentaenoic acid (EPA)-derived specialized pro-resolvin mediators (SPMs),
metabolism of angiotensinogen to angiotensins, biosynthesis of DHA-derived SPMs, and
biosynthesis of SPMs. Thus, pathways enriched by the DEGs were involved with 2 major
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processes: the metabolism and synthesis of SPMs and metabolism of the prohormone
angiotensinogen. The two genes driving SPM production (ALOX15 and HPGD) were both
higher in expression in the healthy animals, suggesting an increase of SPM production in animals
that resisted BRD. The two genes driving angiotensinogen metabolism (CPB2 and
LOC100139881 (homologous to CMA1 in humans)) were both higher in expression in the
healthy animals, suggesting an increase of angiotensinogen metabolism in animals that remained
healthy.

Network analysis of DEGs
Using the DEGs higher in expression in animals that resisted BRD, eighteen proteins
were identified by STRING to interact: ABCC4 (LOC528412), ALDH1A1, ALOX15,
BMPR1B, BRINP1, CCL14 (LOC100297044), CD200R1 LOC100335828), CHN1, CMA1
(LOC100139881), CPB2, GATA2, GZMB, HPGD, IL5RA, KLF17, LIF, MS4A2, and PRSS45.
Functional clustering of these DEGs (labeled red, blue, yellow and green in Figure 2.4), was
performed based upon curated literature and database mining in STRING. This clustering
identified distinct functional associations among groups of gene products with regards to 1) (red)
proinflammatory molecule inhibition, transcriptional regulation, mast cell induced coagulation,
2) (yellow) leukocyte/lymphocyte proliferation, hematopoietic cell differentiation, inflammatory
signaling, 3) (blue) cell cycle regulation, apoptosis, signal transduction, and 4) (green) cellular
fatty acid metabolism, prostaglandin-mediated signaling and metabolism (Figure 2.4).
Using the DEGs higher in expression in the BRD animals (with no more than 5
interactors), protein-protein interactions were analyzed in STRING. Interactions were identified
between the DEGs POMC, BGN, MARCO, and MCF2L and two predicted molecules,
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interleukin (IL)-6 and toll-like receptor 4 (TLR-4) (Figure 2.5). Specifically, the proinflammatory cytokine IL-6 and pro-inflammatory receptor TLR4 were predicted by STRING to
be central to the network and to directly interact with 3 DEGs: MARCO, POMC, and BGN.

RT-qPCR validation of randomly selected DEGs
Relative to healthy cattle, IL5RA, GATA2, ALOX15, and HPGD expression were lower
in expression in BRD cattle when validated using qPCR (Figure 2.6). The genes IL5RA,
GATA2, and HPGD were significantly lower in expression in BRD animals (p<0.05) compared
to healthy animals. In the case of ALOX15, lower expression in BRD animals relative to healthy
cattle was in the same direction as the results derived from RNA-Seq analysis, but the difference
was not statistically significant (p=0.5623). These expression values were otherwise consistent
with our RNA-seq analysis for IL5RA, GATA2, and HPGD.

Discussion
For several decades research has been conducted to characterize the pathogenesis of
BRD, to evaluate immune mechanisms associated with resistance, and to identify methods to
prevent the syndrome. In spite of this, BRD continues to be the leading disease in post-weaned
beef cattle. Predominantly, research in BRD has emphasized disease pathogenesis characterized
by a relatively small number of molecular mechanisms (Timsit et al., 2019; Fulton & Confer,
2012; Vähänikkilä et al., 2019). While these reductionist approaches have been invaluable for
recognizing and narrowing important gaps in our understanding of BRD pathogenesis, they fall
short in capturing the complexity of gene expression by environment relationships that are no
44

doubt occurring in cattle at risk for BRD. By evaluating the entire blood transcriptome, we
simultaneously assessed tens of thousands of gene products and, by extension, a multitude of
pathways in order to interrogate the mechanisms that are operative at arrival in cattle that
ultimately develop BRD, and cattle that resist BRD. Recently weaned, transported, and comingled cattle are at the highest risk of acquiring BRD in the first three weeks after they are
purchased (Avra et al., 2017; White et al., 2015). This report is the first to describe whole blood
transcriptomes of high-risk beef cattle at arrival, with the aim to identify RNA biomarkers and
molecular pathways that contribute to the development of, or resistance to, naturally acquired
BRD during this high-risk period.
We are aware that some of the limitations of this study are sample size and the
identification of healthy cattle based on treatment metadata. Currently, high-throughput
sequencing is a relatively expensive and data-intensive task. However, DEG analysis has been
shown to be appropriate with a minimum of 3 biological replicates per experimental group in
studies of the effects of sample size on accurate DEG detection (Seyednasrollah et al., 2015; Li
et al., 2019). It is reasonable to consider that animals described as healthy (i.e. never showing
signs or being treated for clinical BRD) may have been misdiagnosed or possessed mild, selflimiting signs of BRD. Sensitivity of clinical BRD diagnosis remains an ongoing challenge for
veterinarians and producers. However, these animals remained viable without treatment and we
believe that the inclusion of both treatment history and production (weight gain) outcome of
animals placed into each experimental group improved the accuracy of our phenotypic
classification (White & Renter, 2009; Timsit et al., 2016). Additionally, previous studies have
shown that decreased average daily weight gain is associated with increased morbidity and lung
lesions present via thoracic ultrasonography (Timsit et al., 2019; Fulton, 2009; Irsik et al., 2006).
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The objective of this study was to evaluate the whole blood transcriptome of cattle at
arrival, and to categorize DEGs and associated pathways enriched at arrival. With this approach
our aim was to investigate potential predictive biomarkers measurable at arrival. However,
further validation of these gene products and biological pathways as predictive biomarkers in
additional cohorts of cattle is warranted. Moreover, while qPCR was performed on a number of
DEGs identified in our study, metabolomic and/or proteomic analyses to confirm production of
metabolites and proteins predicted by our assessment would have further strengthened this study,
and such evaluations should be the focus of future research. Additionally, serial sampling of
cattle, starting at arrival, could better define the relationship of gene expression levels and
associations with disease status over time.

Specialized pro-resolving mediator production genes were expressed higher at arrival in
cattle that resist BRD
Specialized pro-resolving mediators (SPMs) are a class of signaling molecules produced
in leukocytes and macrophages, derived from the metabolism of polyunsaturated fatty acids
(PUFAs) (Molfino et al., 2017; Basil & Levy, 2016). During the onset of inflammation, mature
leukocytes and macrophages undergo mediator class switching from the production of proinflammatory lipid mediators, such as prostaglandins and leukotrienes, to the biosynthesis of
SPMs, such as lipoxins and resolvins, to maintain cellular homeostasis and prevent development
of chronic inflammation (Basil & Levy, 2016; Levy et al., 2001; Serhan & Petasis, 2011). Two
genes involved with SPM production were lower in expression in animals that developed BRD,
relative to animals that remained healthy: ALOX15 and HPGD. The gene ALOX15 encodes
arachidonate 15-lipoxygenase, an enzyme that is expressed in macrophages, neutrophils, and
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airway epithelial cells, and has been shown to directly regulate inflammation, innate immunity,
and epithelial wound healing (Profita et al., 1999; Profita et al., 2000; Guo et al., 2019). Studies
of the immunological response to Mycobacterium avium sub. paratuberculosis in cattle have
demonstrated that infected animals exhibit reduced expression of ALOX15, which is considered
relevant to disease persistence and chronicity (David et al., 2014; Malvisi et al., 2016). The gene
HPDG encodes 15-hydroxyprostaglandin dehydrogenase, an enzyme involved in the metabolism
of prostaglandins and antagonism of the pro-inflammatory enzyme cyclooxygenase-2 (COX-2)
(Yan et al., 2004; Guo et al., 2019; Cho et al., 2006; Tai et al., 2002).
In our study, ALOX15 and HPGD were significantly higher in expression in cattle that
resisted BRD. These genes are both involved in the production of SPMs derived from
eicosapentaenoic acid (EPA), specifically the production of E-series 18(S)-resolvins. E-series
resolvins are synthesized during inflammation and infectious processes, to modulate leukocytedriven tissue injury and proinflammatory cytokine production (Serhan et al., 2014; Arita et al.,
2005). These resolvins are produced through the modification of EPA by endothelial cells in the
presence of aspirin via acetylation of COX2 or through cytochrome p450 conversion,
transforming cellular enzymatic activity by blocking prostaglandin synthesis and allowing for
inflammatory resolution (Arita et al., 2005; Kyriakopoulos et al., 2017; Duvall & Levy, 2016). In
both murine and human models, resolvin production and enhanced expression of SPM genes has
been shown to be protective against acute lung injury and infectious disease, leading to increased
patient survivability in the face of acute respiratory disease (Wang et al., 2011; Kebir et al.,
2009; Walker et al., 2011). Based on our results, the direct actions of ALOX15 and HPGD and
downstream production of resolvins may serve as protective components in beef cattle and play a
role in BRD resistance.
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Both aspirin and vitamin E metabolites have been experimentally shown to induce SPM
gene expression (Arita et al., 2005; Pien et al., 2018). Interestingly, vitamin E supplementation
and adjunct therapeutic use of aspirin have been associated with increased survivability and
decreased treatment cost of clinical BRD, although the mechanistic basis of these protective
effects have not been validated (Loneragan et al., 2002; Carter et al., 2002). Though their adjunct
use is not considered a replacement therapy for the metaphylactic use of antimicrobials, the use
of aspirin and vitamin E supplementation may enhance SPM production in beef cattle at arrival,
while also limiting prostaglandin synthesis. To our knowledge, trait loci and SNP research have
not discovered associations between BRD and SPM gene expression.

Linking angiotensinogen metabolism, mast cell activation, and physiological signaling of
inflammation in cattle that resist BRD
Angiotensin II is a circulating peptide hormone classically recognized for its role to
modify blood pressure through various mechanisms. Recent discoveries have demonstrated that
extrarenal production of renin and localized conversion of angiotensin II may be driven by
regional mast cells (Silver et al., 2004; Masuda et al., 2003; Jippo et al., 2003), indicating
involvement of the hormone in leukocyte-mediated responses. In this study, cattle resistant to
BRD exhibited higher expression of LOC100139881 (CMA1) and CPB2, which encode mast
cell protease 1 and carboxypeptidase B2, respectively (Table 2.2). Mast cell protease 1 and
carboxypeptidase B2 are bioactive enzymes necessary for angiotensin II conversion and fibrin
regulation via mast cells, during vascular insult and angiogenesis (Pollock et al., 2003; Bouma &
Mosnier, 2006; Lyons et al., 2008). Previous studies have shown that polymorphisms and
abnormal gene expression of CMA1 and MS4A2 are associated with concurrent inflammatory
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airway disease (Pavón-Romero et al., 2018; Kruit et al., 2006). Additionally, dysregulation of
angiotensinogen metabolism has been associated with metabolic and cardiovascular dysfunction
(Oki et al., 2013; Coble et al., 2015). Collectively, these enzymes have direct interactions with
MS4A2 and associations with KLF17 and CD200R1 (Figure 2.4, red cluster). MS4A2 encodes
the membrane spanning beta-subunit of the high-affinity IgE receptor, which is found on mast
cells and basophils. This subunit has been shown to be important for mast cell survival,
expression of the high affinity IgE receptor, and amplification of receptor- mediated signaling
events that lead to production of cytokines including interleukin-4 (UniProt, 2020; Cruse et al.,
2010). The proteins encoded by KLF17 and CD200R1, Kruppel like factor 17 and CD200
receptor 1, are involved with regulation of expression of proinflammatory molecules produced
by innate immune and effector cells. These gene products are largely involved with mast cell
function and appear to have functional associations with LIF, IL5RA, GZMB, and CCL14
(Figure 2.4, yellow cluster).
The proteins encoded by LIF, IL5RA, GZMB, and CCL14 are historically known to be
involved with the proliferation of leukocytes and lymphoid cells, in addition to hematopoietic
enhancement and inflammatory signaling. The collective biological activities of these gene
products may represent a biological shift of active immunological processes in animals that resist
BRD, specifically involving defense against extracellular antigens. Many of these gene products,
especially IL5RA, MS4A2, CPB2, and LIF, are reported in association with Th2-type responses
to airway disease (Pollock et al., 2003; Metcalfe, 2011; Cheong et al., 2005; Meyer-Manlapat &
Segal, 2008). This may be related to the fact that clinical BRD can be driven by extracellular
bacterial infection, other extracellular particles, such as LPS or viral structural proteins, and dry,
dusty conditions (Woolums, 2015), all factors which might stimulate Th2-type responses. While
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enhancement of genes involved in Th2-type responses and leukocytic recruitment may serve as
necessary protective factors against BRD, the converse may also be true, in which Th2-type
responses actually moderate protective Th1-mediated inflammatory responses in animals that
ultimately resist BRD.

Persistent inflammatory responses may lead to the development of BRD
Three major gene products that were identified to be higher in expression in BRD cattle
are related to the process of pathogen recognition and organism killing: MARCO, POMC, and
BGN. The pattern-recognition receptor (PRR) protein encoded by MARCO is a scavenger
receptor of macrophages that binds to lipoproteins, Gram-positive, and Gram-negative bacteria
(Brandenburg, et al., 2010). Proopiomelanocortin, encoded by POMC, is a preproprotein that can
be converted post-translationally into several bioactive peptides, including α-MSH (Böhm &
Grässel, 2012). α-MSH is an antimicrobial peptide that acts on bacterial and fungal organisms.
Biglycan encoded by BGN, is a proteoglycan found in macrophages that stimulates the
production of pro-inflammatory cytokines, such as TNF-α and MIP-2, when TLR-2/4 are
stimulated by pathogen-associated molecular pattern (PAMP) molecules (Schaefer, et al., 2005;
Tufvesson et al., 2002).
Predicted interactions from our analysis indicate that IL-6 and TLR-4 activity is enhanced
at-arrival in animals that developed BRD (Figure 2.5). TLR-4 is the cognate receptor for
lipopolysaccharides (LPS) derived from Gram-negative bacteria and viral structural proteins (Lu
et al., 2008). TLR-4 activation, in turn, induces the expression of IL-6, a pro-inflammatory
cytokine responsible for the stimulation of acute phase proteins and leukocyte production (107).
Collectively, these signaling pathways enhance antimicrobial functions in macrophages and
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dendritic cells (Akira et al., 2006; Song et al., 2007; Kawai & Akira, 2006). While expression of
IL-6 and TLR-4 was not altered in our study, the pattern of expression suggests that animals that
acquired BRD were actively combating respiratory disease agents at arrival and did not possess
active molecular pathways necessary for mitigating prolonged inflammation. Our main findings
suggest that the genes driving the two enriched anti-inflammatory processes of SPM production
and angiotensinogen metabolism are under-expressed at arrival in cattle that develop BRD.
While both healthy and BRD cattle possessed DEGs that represent functional products involved
with the immune system and antimicrobial activity, our results suggest that the ability for cattle
to regulate inflammatory processes at arrival appears critical in the resistance of clinical BRD.

Conclusions
We were able to identify several DEGs between animals that resisted and those that
naturally acquired BRD. Two major molecular processes were enriched in animals that resisted
BRD: the production of anti-inflammatory lipid pro-resolving mediators (resolvins) and the
metabolism of angiotensinogen to angiotensins. We identified functional networks of genes
higher in expression in healthy cattle when compared to BRD cattle and describe a biological
process involving antimicrobial activity in cattle that developed BRD. Several of the DEGs
presented in our study serve a functional role in leukocytes and airway epithelial cells. Our
analysis, for the first time, identified an approach to identifying whole blood molecular
biomarkers with the potential to predict disease risk in beef cattle in the first 28 days after arrival.
As our sample size for this project was relatively small, further research is necessary to validate
these biomarkers, biological processes, and biological pathways in additional populations of beef
cattle. Future transcriptome analyses involving both lung and whole blood from animals at
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arrival may provide a more complete assessment to further validate the DEGs and pathways
present in this study.

Table 2.1
Gene Set

Significantly enriched biological pathways with associated DEGs in cattle at
arrival
Description

Size

Expect

Ratio

PValue
6.01E09

FDR

GO:0006954

Inflammatory
response

717

1.1616

9.4698

GO:0006952

Defense
response

1518

2.4593

5.6928

1.64E08

0.0001

GO:0045649

Regulation of
macrophage
differentiation
Lipoxin
metabolic
process
Lipoxin
biosynthetic
process

21

0.0340

88.18

4.95E06

0.0196

ALOX15,
BMPR1B, CCL14,
CD200R1, CPB2,
HIST1H2BA,
IL5RA,
LOC100139881,
MS4A2, PER1
ALOX15,
BMPR1B, BRINP1,
CCL14, CD200R1,
CPB2, GZMB,
HIST1H2BA,
IL5RA,
LOC100139881
GATA2, LIF, RB1

3

0.0049

411.51

7.58E06

0.0196

ALOX15, HPGD

3

0.0049

411.51

7.58E06

0.0196

ALOX15, HPGD

GO:2001300
GO:2001301

52

0.0001

Genes

GO:0050727
GO:0030225

Table 2.2
Gene Set
R-HSA9018896
R-HSA9018679
R-HSA2022377
R-HSA9018677
R-HSA9018678

Regulation of
inflammatory
response
Macrophage
differentiation

361

0.5848

10.259

0

0.0429

CCL14, CD200R1,
CPB2,

40

0.0648

46.294

0

0.0664

GATA2, LIF, RB1

Significantly enriched biological pathways with associated DEGs in cattle at
arrival
Description
Biosynthesis of Eseries 18(S)resolvins
Biosynthesis of
EPA-derived
SPMs
Metabolism of
Angiotensinogen
to Angiotensins
Biosynthesis of
DHA-derived
SPMs
Biosynthesis of
specialized
proresolving
mediators (SPMs)

Size
5

P Value
1.40E-05

FDR
0.0209

Genes
ALOX15,
HPGD

6

2.10E-05

0.0209

ALOX15,
HPGD

17

0.00019

0.0939

CPB2,
LOC100139881

17

0.00019

0.0939

ALOX15,
HPGD

19

0.00024

0.0943

ALOX15,
HPGD
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Figure 2.1

Number of DEGs identified in high risk beef cattle at arrival

Venn diagram of the number of differentially expressed genes found in edgeR and DESeq2
analysis
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Figure 2.2

Multi-dimensional scaling (MDS) plot of the gene count data set from all 11
samples

Red triangles indicate BRD cattle. Blue circles indicate healthy cattle
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Figure 2.3

Heatmap of 36 differentially expressed genes identified at arrival between beef
cattle that remained healthy and cattle that later developed BRD

Color scale (red-to-blue) represents gene expression levels per sample; red and blue colors
indicate increased expression and decreased expression, respectively. Note that gene hierarchical
clustering of gene expression profiles segregates BRD (yellow top panel) from healthy cattle
(green top panel)
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Figure 2.4

Protein network of DEGs expressed higher in healthy animals

K-means clustering performed based on product functionality. Edge (line) thickness between
nodes represents the strength of data support for associations
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Figure 2.5

Protein-protein interaction network with known interactors and DEGs found
expressed higher in BRD animals

Edge (line) thickness between nodes represents the strength of data support for associations.
Although TLR-4 and IL-6 were not differentially expressed in this study, the DEGs MARCO,
BGN, and POMC possess predicted direct interactions with both molecules
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Figure 2.6

Gene expression validation via RT-qPCR, compared with relative log2 fold change
calculated from RNA-Seq analysis

RT-qPCR analysis was normalized with the expression levels of the endogenous reference genes
DDX31 and UBE2Q1
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CHAPTER III
COMPREHENSIVE AT-ARRIVAL TRANSCRIPTOMIC ANALYSIS OF POST-WEANED
BEEF CATTLE UNCOVERS TYPE I INTERFERON AND ANTIVIRAL
MECHANISMS ASSOCIATED WITH BOVINE
RESPIRATORY DISEASE MORTALITY

A manuscript published in PLOS One: Scott, M. A., Woolums, A. R., Swiderski, C. E., Perkins,
A. D., Nanduri, B., Smith, D. R., Karisch, B. B., Epperson, W. B., & Blanton, J. R. (2021).
Comprehensive at-arrival transcriptomic analysis of post-weaned beef cattle uncovers type I
interferon and antiviral mechanisms associated with bovine respiratory disease mortality. PloS
one, 16(4), e0250758. https://doi.org/10.1371/journal.pone.0250758

Abstract
Despite decades of extensive research, bovine respiratory disease (BRD) remains the
most devastating disease in beef cattle production. Establishing a clinical diagnosis often relies
upon visual detection of non-specific signs, leading to low diagnostic accuracy. Thus, postweaned beef cattle are often metaphylactically administered antimicrobials at facility arrival,
which poses concerns regarding antimicrobial stewardship and resistance. Additionally, there is a
lack of high-quality research that addresses the gene-by-environment interactions that underlie
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why some cattle that develop BRD die while others survive. Therefore, it is necessary to
decipher the underlying host genomic factors associated with BRD mortality versus survival to
help determine BRD risk and severity. Using transcriptomic analysis of at-arrival whole blood
samples from cattle that died of BRD, as compared to those that developed signs of BRD but
lived (n=3 DEAD, n=3 ALIVE), we identified differentially expressed genes (DEGs) and
associated pathways in cattle that died of BRD. Additionally, we evaluated unmapped reads,
which are often overlooked within transcriptomic experiments. 69 DEGs (FDR<0.10) were
identified between ALIVE and DEAD cohorts. Several DEGs possess immunological and
proinflammatory function and associations with TLR4 and IL6. Biological processes, pathways,
and disease phenotype associations related to type-I interferon production and antiviral defense
were enriched in DEAD cattle at arrival. Unmapped reads aligned primarily to various ungulate
assemblies, but failed to align to viral assemblies. This study further revealed increased
proinflammatory immunological mechanisms in cattle that develop BRD. DEGs upregulated in
DEAD cattle were predominantly involved in innate immune pathways typically associated with
antiviral defense, although no viral genes were identified within unmapped reads. Our findings
provide genomic targets for further analysis in cattle at highest risk of BRD, suggesting that
mechanisms related to type I interferons and antiviral defense may be indicative of viral
respiratory disease at arrival and contribute to eventual BRD mortality.

Introduction
Although extensively researched, bovine respiratory disease (BRD) continues to be the
most significant disease in post-weaned beef cattle in North America. BRD is a multifactorial
disease complex, with contributing causative factors including primary viral infection, bacterial
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colonization of the upper and lower respiratory tract, and stressful events related to abrupt
weaning, co-mingling with recently transported cattle, and novel feeding or housing
environments (Grissett et al., 2015; Holman et al., 2015; Holman et al., 2017; Kishimoto et al.,
2017; Taylor et al., 2010). These factors result in host-pathogen interactions that are exceedingly
complex and definitive diagnosis of the inciting etiological agent(s) is not usually made. BRD
diagnosis will typically rely on non-specific clinical signs including elevated rectal temperature,
depressed demeanor, increased respiratory rate and effort, and anorexia (Taylor et al., 2010;
Babvovk et al., 2009; Murray et al., 2017; Griffin et al., 2010). However, this clinically based
diagnosis has been shown to lack sensitivity and specificity (White & Renter, 2009; Timsit et al.,
2016). Therefore, post-weaned beef cattle at high risk of developing BRD are often mass
medicated with antimicrobials at facility arrival (i.e. antimicrobial metaphylaxis) (Ives &
Richeson, 2015; Abell et al., 2017; Baptiste & Kyvsgaard, 2017). With growing public concerns
regarding the relationship between the use of metaphylaxis in beef cattle and antimicrobial
resistance, there is a need to recognize cattle at increased risk of developing BRD in order to
implement more targeted therapeutic regimens.
In order to identify new methods of accurate BRD diagnosis, our previous research
contrasted the whole blood transcriptomes of cattle that naturally acquired or resisted BRD
(Scott et al., 2020). Specifically, we identified upregulation of inflammatory-mitigating
molecules and pathways at arrival in cattle that failed to develop naturally occurring clinical
BRD. This prior research did not examine differentially expressed genes or pathways that
segregate with disease severity. Therefore, we hypothesize that whole blood transcriptome
profiles of cattle at arrival can identify biological functions that influence BRD severity;
specifically, functions which distinguish cattle that are likely to die versus cattle that survive.
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In the present study, we analyzed the at-arrival whole blood transcriptomes of postweaned beef cattle that developed BRD. Specifically, we compared at-arrival whole blood
transcriptomes from cattle that naturally acquired BRD within the first 28 days following arrival,
stratifying cattle into severity groups defined by BRD-associated mortality. Our objectives were
to uncover differentially expressed genes and associated processes and pathways that segregate
with cattle at highest risk of BRD-associated mortality and to determine if reads from diseased
cattle align to pathogens that promote inflammatory processes. Given the lack of sensitivity in
clinical screening for BRD and the need to improve understanding of gene-by-environment
interactions involved in BRD, the identification of gene products whose expression correlates
with the risk of BRD-associated mortality would advance management and diagnostic strategies
for improving the outcome of post-weaned beef cattle in high-risk situations.

Materials and methods
Study design
All animal use and procedures were approved by the Mississippi State University
Institutional Animal Care and Use Committee (IACUC protocol #17-120). This study examined
whole blood transcriptomes at arrival from crossbred bulls (n=5) and a steer (n=1) that went on
to develop clinical BRD within 28 days following facility arrival. These six animals were
categorized into two groups based on BRD-attributed mortality. Group 1 (DEAD; n=3) cattle
died of naturally occurring BRD despite antimicrobial and supportive treatment; all animals
within the DEAD cohort succumbed to BRD prior to administrated euthanasia. Group 2 (ALIVE;
n=3) cattle were treated for naturally occurring BRD, but subsequently recovered after one or
more therapeutic courses of treatment. Animals in this investigation were a subset of a
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randomized experiment pertaining to the effect of vaccination and deworming on post-weaned
beef cattle health and growth factors (Griffin et al., 2018). Animals enrolled in this study were
purchased from local commercial livestock auctions within Mississippi and housed at the H. H.
Leveck Animal Research Center at Mississippi State University. Further information involving
animal management and enrollment selection is addressed in Appendix A and in detail in our
previous studies (Scott et al., 2020; Griffin et al., 2018). At arrival, jugular blood samples were
collected into Tempus Blood RNA tubes (Applied Biosystems), and then frozen and stored at 80° C until analysis. RNA extraction, quality assessment, cDNA library preparation, and RNA
sequencing (80 million reads/sample) was performed by the UCLA Technology Center for
Genomics and Bioinformatics (UCLA TCGB, Los Angeles, CA, USA) as previously described
(Scott et al., 2020). The whole blood transcriptomes of the six individuals examined in this
investigation have been previously contrasted against at arrival whole blood transcriptomes from
cattle that failed to develop clinical signs of BRD (Scott et al., 2020). RNA sequence reads are
available in the NCBI sequence read archive
(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE136176). In contrast to our prior
work, this investigation contrasts gene expression at arrival in cattle that went on to develop
more clinically severe BRD versus less clinically severe BRD.

Differential gene expression analysis
Program parameters and alignment statistics for reference-based gene count matrix
construction were as previously described (Scott et al., 2020). All sequence alignment map
(SAM) files produced by HISAT2 were converted to binary alignment map (BAM) files, sorted,
and indexed with SAMtools v1.9 (Li et al., 2009). All unmapped reads were extracted using
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SAMtools for further exploration. Reference-guided assembly and assessment were performed
with StringTie v2.0 and GffCompare v0.11.4, respectively (Pertea et al., 2015; Pertea et al.,
2016; Pertea & Kirchner, 2019). Gene-level read counts for each sample were calculated in
Python v2.7.17 with the program prepDE.py (Pertea, 2019).
Filtering, normalization, and analysis of gene counts was performed in R, utilizing the
Bioconductor (Gentleman et al., 2004 software package edgeR v3.26.8 (Robinson et al., 2010;
McCarthy et al., 2012). Data for all six biological replicates were categorized into two groups
based on BRD-associated mortality (n=3 DEAD; n=3 ALIVE). Filtering of low gene counts was
performed as described by Chen and colleagues using a total count per million minimum of 0.2
across at least three samples (Chen et al., 2016). Library sizes were normalized using the
trimmed mean of M-values method (Robinson & Oshlack, 2010) in edgeR. Unsupervised
clustering of the aligned reads was performed using multidimensional scaling (MDS) in order to
plot differences in expression profiles between the 6 animals (Ritchie et al., 2015). Distances
between samples on the MDS plot represent ‘leading fold change’, defined as the root-meansquare average of the log-fold-changes for the genes best distinguishing each pair of samples.
Differentially expressed genes (DEGs) were identified in edgeR using likelihood ratio testing
(glmLRT function) to improve the ability to analyze samples with large gene count dispersions
and low abundance counts (McCarthy et al., 2012). Differential gene expression was considered
significant with a false discovery rate (FDR) of ≤ 0.10 (Benjamini & Hochberg, 1995).

Biological interpretation of gene expression data
A heat map of the DEGs was created using the R package pheatmap v1.0.12 (Kolde,
2019). Gene Ontology (GO) analysis, biological pathways, and disease associations of the DEGs
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identified between DEAD and ALIVE groups were analyzed with the WEB-based Gene SeT
AnaLysis Toolkit (WebGestalt 2019; http://www.webgestalt.org/), using the human orthologs of
all bovine DEGs (Liao et al., 2019). Overrepresented biological pathway analysis was performed
utilizing the pathway database Reactome (Jassal et al., 2020; Fabregat et al., 2018). Disease
association analysis with the list of DEGs was performed using the GLAD4U functional
database (Jourquin et al., 2012). Analysis parameters within WebGestalt 2019 included between
5 and 3000 genes per category and an FDR cutoff of < 0.05 for significance. Protein-protein
interaction networks and protein co-expression analysis was conducted with the Search Tool for
the Retrieval of Interacting Genes (STRING; https://string-db.org/) database v11.0 (Szklarczyk
et al., 2019) using human orthologs of the bovine DEGs. All interactions required a minimum
interaction (confidence) score of 0.900, defined as the highest confidence score in STRING
v11.0.

Analysis of unmapped reads
All reads in this study were originally aligned to the Bos taurus reference assembly ARSUCD1.2. The unmapped reads which failed to align were extracted using SAMtools view -b
option. The subsequent BAM files were converted into unique paired end fastq files with
BEDtools v2.26.0 bamtofastq option (Quinlan & Hall, 2010). Unmapped fastq files were
retrimmed and quality assessed with Trimmomatic v0.38 and FastQC v0.11.9, respectively, in
order to eliminate the potential of poor quality or inadequate length of sequences leading to
misalignment. Trimming parameters were: 1) leading and trailing bases of each read were
removed if their base quality score was below 3, 2) each read was scanned with a 3-base pair
sliding window, removing read segments below a minimum base quality score of 15, and 3)
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sequences below a read length of 40 bases were removed. Read samples were concatenated
based on directionality, and then assembled de novo into contigs using Trinity v2.8.5 by
employing the program’s default protocols (Grabherr et al., 2011).
Nucleotide sequence homology of the de novo transcriptome was explored against the
NCBI non-redundant nucleotide database (ftp://ftp.ncbi.nlm.nih.gov/blast/db/; accessed
September 30, 2019) with NCBI-blast v2.9.0+
(ftp://ftp.ncbi.nlm.nih.gov/blast/executables/blast+/LATEST/; blastn parameter, default settings)
(Camacho et al., 2009). The top alignment hit for each contig was identified and used to create a
blastn file that was further analyzed for phylogenetic grouping and characterization using
MEGAN Community Edition v6.18.3 (https://github.com/danielhuson/megan-ce) using the
program’s default protocols for taxonomic identification (Huson et al., 2007; Huson et al., 2016).
Due to likely inaccuracies in the de novo assembly that trace to false chimeric contigs
(Hsieh et al., 2019; Freedman et al., 2021), and persistence of reads that were not incorporated
into the de novo transcriptome, we therefore analyzed all trimmed reads against bovine viral
pathogen sequences downloaded from NCBI (https://www.ncbi.nlm.nih.gov/labs/virus/vssi;
accessed January 6, 2020). A total of 1657 nucleotide files were downloaded and utilized as
subject sequences by selecting only complete nucleotide sequence types found from Bos taurus
(taxid: 9913) hosts. In addition, we also aligned reads from cattle that were not incorporated into
the de novo transcriptome to all known viral sequences at NCBI (release 200,
https://ftp.ncbi.nlm.nih.gov/refseq/release/complete/). Local alignment was performed with the
NCBI-blast v2.9.0+ blastn option, using the same settings parameters as previously mentioned.
The resulting blastn file from each sample was explored with MEGAN Community Edition
v6.18.3. Top hits were scrutinized for potential genomic DNA contamination in the reference
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subjects by re-aligning the respective cDNA of the sample read sequence to both the official
genome assembly that it annotated as and to the NCBI nucleotide database.

Results
Differential gene expression analysis
Alignment of reads from the six biological replicates to the ARS-UCD1.2 bovine
reference assembly identified 32,976 unique genes. Following filtering for low expression,
15,755 genes were used for differential expression analysis between DEAD and ALIVE groups.
Multidimensional scaling (MDS; Figure 3.1), which depicts the similarity of expression profiles
between each animal in the analysis, demonstrated clustering of the three DEAD cattle (red; IDs
33, 52, 76). This indicates that the expression patterns of DEAD cattle are highly similar and are
distinguishable from the cattle within the ALIVE group (blue; IDs 51, 75, 85). In contrast, the
gene expression patterns of the three animals within the ALIVE group are clearly more
dissimilar than the expression patterns of cattle in the DEAD group.
A total of 69 genes were differentially expressed (FDR < 0.10) between DEAD and
ALIVE groups; 37 genes were upregulated and 32 downregulated in DEAD cattle compared to
ALIVE cattle. A heatmap was generated from these 69 DEGs using z-scores calculated from
Trimmed Mean of M-values (TMM) normalized counts (Figure 3.2). The resulting hierarchical
clustering of DEG expression patterns for each individual segregates the six individuals into two
groups according to their respective ALIVE and DEAD status and also provided a dendrogram
of expression similarities.
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Gene ontology, pathway, and disease phenotype enrichment
Gene ontology (GO) term enrichment of DEGs identified 34 significantly
overrepresented biological processes (FDR < 0.05; Table 3.1). The top biological processes were
primarily related to type I interferon signaling and response, viral defense mechanisms, and
innate immune regulation involving cytokine signaling. These biological processes are chiefly
composed of genes with higher expression in DEAD cattle, particularly those of the IFIT, ISG,
HERC, and OAS mRNA families. Utilizing Reactome (Jassal et al., 2020; Fabregat et al., 2018),
six pathways were identified as significantly overrepresented (FDR < 0.05; Table 3.2). These
identified biological pathways are involved primarily in type I interferon signaling and antiviral
mechanisms, represented predominantly by higher IFIT, ISG, HERC, BST, and OAS mRNA
family expression. Similar to the biological processes, these pathways are largely represented by
genes higher in expression in DEAD cattle. The predominant disease phenotypes identified by
GLAD4U (Jourquin et al., 2012) consisted of viral-induced diseases, which were heavily
influenced by certain genes increased in expression in DEAD cattle, including BST2, HERC5,
IFIT1, ISG15, MX2, and OAS2 (Table 3.3). In summary, these analyses of biological processes,
pathways, and disease phenotypes represented by DEG information indicate that cattle within the
DEAD cohort have increased expression of genes involved in type I interferon production and
viral-associated responses at arrival.

Protein-protein interactions and co-expression of DEGs
The 69 DEGs identified between DEAD and ALIVE were used to predict protein-protein
interactions and gene product co-expression in STRING v11.0 (Figure 3.3) (Szklarczyk et al.,
2019). This analysis identified interactions consisting of 16 DEGs (nodes) connected by 57
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interactions (edges), in which 13 of 16 DEGs were increased in expression in DEAD (Figure
3.3A). A strong pattern of co-expression between those 16 gene products was also identified as
depicted in Figure 3.3B. The highest co-expression scores (> 0.75) were identified for IFIT1-3/5,
SPARC, COL1A1, RSAD2, ISG15, HERC5/6, OAS2, and MX2. In summary, 12 DEGs that
were increased at arrival in cattle who died from BRD are known to code for proteins that
possess strong interactions and co-expression. Additionally, two genes increased in expression in
ALIVE (COL1A1, SPARC) demonstrated strong predicted co-expression and interaction.

De novo assembly and analysis of unmapped reads
From 6,968,239 unmapped reads contributed from all 6 samples, 6,953,629 survived
quality trimming (99.79%) and were used to assemble a de novo transcriptome. The resulting
65,516 constructed contigs were analyzed against the NCBI non-redundant nucleotide (nt)
database. Over 90% of the assembled contigs mapped to the Bovidae family, followed by
alignments to various mammalian, bacterial (many part of the bovine microbiota), parasitic
(Onchocerca ochengi), and fungal species (Basidiomycota) (Figure 3.4 and 3.5). Notably, the de
novo assembly failed to map to any viral contigs within the NCBI nt database. Homology to viral
DNA was not identified.

Alignment of unmapped reads to viral genome sequences
Trimmed unmapped reads from each calf were analyzed in two parts: 1) against all
known virus sequences and 2) against all known bovine viral pathogen sequences. Top hits from
alignments against all viral assemblies demonstrated a sparse number of reads across all 6
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animals (231-535 reads; total: 2,257, average: 376.2). The majority of reads aligned to nonmammalian viruses, namely the Choristoneura fumiferana granulovirus and Diolcogaster
facetosa bracovirus, in addition to BeAn 58058 virus. However, independent analysis of these
reads to the NCBI nt database indicated that these reads aligned to well conserved mammalian
genes, such as U6 splicesomal ncRNA. Due to the homologous nature of these reads to
mammalian genes, any hits were considered irrelevant. Using the top hits from the alignments
against known bovine viruses, all 6 animals possessed a relatively small number of reads (50827330 reads; total: 35,432, average: 5905.3) that only aligned to BVDV1. These reads were
extracted and realigned to both the NCBI nt database and the complete BVDV1 genome
(NC_001461.1). When realigned to the NCBI nt database, the extracted reads aligned to the
BVDV1 sequences U86599.1 (Pestivirus type 1 cytopathic genomic RNA, complete genome)
and L13783.1 (Bovine viral diarrhea virus p125 protein gene, partial CDS). However, the top
hits were consistently to ubiquitin C (UBC) mRNA sequences within Bovidae assemblies. When
realigned to the NC_001461.1 complete BVDV1 genome, no alignment hits were detected.

Discussion
This study builds upon our previous analysis of transcriptomes at arrival that were
derived from post-weaned beef cattle that ultimately developed BRD versus cattle that remained
healthy (Scott et al., 2020). The present investigation was conducted with the intent to identify
potential at-arrival biomarkers and pathways that indicate risk of BRD-associated mortality in
post-weaned beef cattle. Our overarching goal with these studies is to identify gene expression
profiles and biological pathways in blood samples at arrival that segregate with later BRD
morbidity or mortality. By analyzing the transcriptomes of post-weaned cattle before they exhibit
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clinical signs of BRD, our approach will also improve understanding of the mechanistic basis of
both susceptibility and resistance to BRD in this cohort. Previous research to determine early
antemortem indications of BRD and risk of severity has yielded varied results (Step et al., 2019;
Cramer et al., 2019; Abutarbush et al., 2012; Amrine et al., 2014). At present, the diagnosis and
classification of BRD is primarily assessed using clinical factors that have proven to be
imprecise, effectively limiting BRD management (Babcock et al., 2009; Timsit et al., 2016;
Terrell et al., 2011). Nonetheless, cattle diagnosed with BRD in this investigation using these
same clinical factors (including DART scoring, treatment records, and average daily weight
gain) exhibited differences in gene product and molecular pathway expression at arrival that
ultimately segregated with their BRD-associated mortality (Scott et al., 2020).
In DEAD cattle, the expression of genes related to type I interferon production/signaling
and viral defense were increased. These viral defense genes included IFIT1/2/3, IRF4, HERC5/6,
OAS2, MX2, and ISG15/20. Several investigations have similarly identified these genes as
relevant in cattle with prolonged inflammation and ongoing viral infection (Barreto et al., 2018;
Tizioto et al., 2015; Johnston et al., 2019; Foley et al., 2012). These findings, when considered
with the increased expression of viral defense genes at arrival in cattle that ultimately died of
BRD, suggest that cattle in the DEAD cohort were combating a viral agent at arrival. Though
cattle that died of BRD in this investigation did not show clinical evidence of BRD at arrival,
viral BRD is often subclinical and may initially present as an upper airway disease. Subclinical
viral respiratory infection at arrival would not only account for the observed viral defense
pathways in the cattle that died of BRD, but would facilitate secondary infectious processes in
the lung that contribute to the observed BRD mortality (Tizioto et al., 2015; Taylor et al., 2010;
Hodgins et al., 2002; Ellis, 2009). One challenge with our study is that differences in gene
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expression were characterized in peripheral blood. It has been suggested that the blood
transcriptome represents an amalgamation of gene expression patterns and pathways in distinct
physiological sites, such as airway epithelium, lymph nodes, and splenic tissue (Liew et al.,
2006; Morrow et al., 2019). Necropsy demonstrated that disease was limited to the lung in cattle
that died. Overt disease was not evident at arrival, but subclinical disease cannot be ruled out. As
these DEGs may indicate viral-induced disease at arrival, focused investigation of these genes is
warranted for larger future studies. The ability to delineate underlying subclinical viral disease
mechanisms in beef cattle at arrival could allow for the development precision management
techniques to more effectively and specifically treat or prevent disease, leading to more precise
antimicrobial usage and decreased dissemination of antimicrobial resistance.
In this study, we identified increased expression of gene products that interact with tolllike receptor 4 (TLR4) and interleukin 6 (IL6) in both live and dead cohorts. While there was no
difference in the expression of these specific genes between DEAD vs ALIVE cattle at arrival,
we have previously described increased BGN, MARCO and POMC expression (known to be
involved in TLR4-dependent pro-inflammatory pathways) in arrival blood transcriptomes from
cattle that ultimately developed BRD when compared to cattle that remained clinically healthy
(Scott et al., 2020). IL6 and several other type I interferon-associated genes have been reported
to be differentially expressed within lymph node samples of virus-challenged cattle (Tizioto et
al., 2015; Johnston et al., 2019). TLR4 possesses high avidity for lipopolysaccharide (LPS) and
some viral structural proteins, and is capable of inducing type I interferons production and
increased levels of IL6 (Kawai & Akira, 2011; Uematsu & Akira, 2007; Fujisawa et al., 1997;
Velazquez-Salinas et al., 1981). Additionally, elevated levels of IL6 may reciprocatively induce
type I interferon production, enhancing natural killer cell cytotoxic activity, M1 macrophage
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maturation, and interleukin 12 (IL12) production (Zhoe et al., 2004; Lopez-Collazo et al., 1998;
Nguyen et al., 2002; Stockinger et al., 2002). It is important to note that IL6 and TLR4 are not
differentially expressed between DEAD and ALIVE groups but are predicted to be active based
on associations with DEG products increased within each cohort. It is possible that TLR4 and
IL6, relatively non-specific markers of inflammation, are initiated in both DEAD and ALIVE
groups albeit through differing mechanisms. Several studies have demonstrated that TLR4
expression is increased in active respiratory disease and is responsible for proinflammatory
cytokine production, in both viral and bacterial induced infections (Akira & Takeda, 2004;
Openshaw & Tregoning, 2005; Grütz, 2005; Hodgson et al., 2005). Furthermore, in ALIVE
cattle, the increased expression of several proinflammatory genes was identified: CD300LG,
COL1A1, CX3CR1, KIR2DL5A, LOC104968634 (NK2B), OGN, LOC782922 (PRXL2B),
TARP. These gene products, largely involved in natural killer cell activation, leukocyte
adhesion, prostaglandin synthesis, and initiation of the acquired immune system, possess known
interactions or promotion of TLR4 and IL6 activity. In conjunction with TLR4 interactions, it is
possible that the ALIVE cattle were actively combating extracellular antigens or etiological
agents. The commonality between ALIVE and DEAD cattle is antigenic and immunogenic
signaling without inflammatory mitigation. Notably, our research did not ascertain the order of
TLR4 and IL6 association, therefore further research is necessary to define mechanistic
characteristics and signaling order.
Some of the limitations of this study are the lack of antemortem pathogen identification,
particularly viral isolation at arrival, and the relatively small number of biological replicates
within each cohort. Due to technical and fiscal challenges associated with high-throughput
sequencing, obtaining the optimal number of biological replicates remains a controversial aspect
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of RNA-Seq experimentation. However, it is generally accepted that three clean biological
replicates per group is the minimum sample size necessary for meaningful inferential analysis
(Conesa et al., 2016; Schurch et al., 2016). Modeling genes that were differentially expressed
between live and dead cohorts identified increased antiviral pathways in the DEAD cohort.
Accordingly, we utilized de novo alignment and BLAST toolkits to mine unmapped reads for
viral sequences that would account for the gene expression changes and pathways identified in
our study. Reads that fail to map to the host reference assembly have been previously used to
identify pathogens within RNA-Seq datasets (Usman et al., 2017; Merchant et al., 2014; Isakov
et al., 2011; Bhaduri et al., 2012; Whitacre et al., 2015). The de novo assembly reads aligned
predominantly to annotated ungulate sequences (Figure 3.4 & 3.5). This is an expected
occurrence in which the unmapped reads representing gene products in the tested cattle were not
identified with the Bos taurus ARS-UCD1.2 reference assembly. This is not an uncommon
occurrence with reference assemblies from non-model organisms that reflects errors in the
assembly’s structural annotation and has been otherwise reported in transcriptomic experiments
using cattle (Usman et al., 2017; Whitacre et al., 2015).
A notable finding in this investigation is the lack of alignments to pathogenic organisms
associated with BRD. This finding was consistent in three instances 1) when assembled contigs
of the de novo transcriptome were mapped to all sequences in the NCBI non-redundant nt
database; 2) when unmapped reads were mapped against all known viral sequences; and 3) when
unmapped reads were mapped against all known bovine viral pathogen sequences. One key
limitation of this experiment is the poly-A tail dependent capture of reads for library preparation.
It is possible that pathogen genes within each whole blood sample were never captured prior to
sequencing. Therefore, while we were unable to identify pathogen genes in these instances, it
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does not rule out the possibility of these cattle harboring etiological agents at arrival. All
biological replicates possessed reads that matched only to BVDV1 sequences from the NCBI nt
database. However, these reads matched solely to ubiquitin C (UBC) mRNA within Bovidae
assemblies and no alignment was detectible when realigned to the NC_001461.1 complete
BVDV1 genome. This demonstrates that the unmapped reads failed to align to viruses related to
BRD, but rather aligned to bovine genome sequences that have been incorporated into BVDV1.
It has been shown that several BVDV1 sequences possess Bovidae genomic sequence
contamination, specifically to UBC mRNA. This finding agrees with the alignment discovery
reported by Usman and colleagues (Usman et al., 2017). Despite the absence of viral sequences,
the identified DEGs and pathways provide evidence that the anti-viral mechanisms were
activated at arrival in cattle within the DEAD cohort.

Conclusions
This study explored the at-arrival whole blood transcriptomes and differentially
expressed genes of diseased cattle, identifying significant gene products and pathways that
differentiate cattle that die from naturally acquired respiratory disease and those that develop
BRD but survive. Our results demonstrate that cattle developing clinical BRD possess increased
expression of genes involved in proinflammation and immune responses at arrival and share
TLR4 and IL6 activity. Cattle that died from BRD demonstrated increased type I interferon and
antiviral-associated gene product expression at arrival. Although the unmapped reads did not
align to viral genomes, our at-arrival findings highlight candidate gene expression profiles that
herald viral respiratory infections, prior to the identification of overt BRD. These findings may
support the development of predictive viral disease assays and thus warrant further investigations
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comparing current pathogen detection techniques with the identification of these candidate
biomarkers.
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Table 3.1

Top enriched GO-BP terms (FDR < 0.05)

Gene Set

Description

Size

P Value

FDR

GO:0060337

Type I interferon signaling pathway

84

0

0

GO:0071357

Cellular response to type I interferon

84

0

0

GO:0034340

Response to type I interferon

89

1.11E-16

4.81E-13

GO:0051607

Defense response to virus

235

2.70E-12

8.76E-09

GO:0009615

Response to virus

319

5.55E-11

1.44E-07

GO:0098542

Defense response to other organism

473

1.19E-10

2.58E-07

GO:0019221

Cytokine-mediated signaling pathway

705

4.88E-10

9.06E-07

GO:0045087

Innate immune response

827

3.00E-09

4.88E-06

GO:0043207

Response to external biotic stimulus

899

7.70E-09

1.00E-05

GO:0051707

Response to other organism

897

7.51E-09

1.00E-05

GO:0002252

Immune effector process

1141

9.64E-09

1.14E-05

GO:0009607

Response to biotic stimulus

926

1.07E-08

1.16E-05

GO:0045071

Negative regulation of viral genome

50

1.85E-08

1.85E-05

replication
GO:0035455

Response to interferon-alpha

20

3.03E-08

2.63E-05

GO:0071345

Cellular response to cytokine stimulus

1015

2.99E-08

2.63E-05

GO:0034097

Response to cytokine

1100

7.29E-08

5.92E-05

GO:1903901

Negative regulation of viral life cycle

74

1.37E-07

1.04E-04

GO:0006952

Defense response

1518

2.86E-07

2.07E-04

GO:0045069

Regulation of viral genome replication

87

3.09E-07

2.11E-04
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Table 3.1 (continued)
Gene Set
GO:0048525

Description
Negative regulation of viral process

Size
88

P Value
3.27E-07

FDR
2.12E-04

GO:0006955

Immune response

1919

5.73E-07

3.55E-04

GO:0019079

Viral genome replication

114

1.19E-06

7.02E-04

GO:1903900

Regulation of viral life cycle

135

2.74E-06

1.55E-03

GO:0043901

Negative regulation of multi-organism

165

7.32E-06

3.96E-03

process
GO:0002376

Immune system process

2778

8.67E-06

4.35E-03

GO:0050792

Regulation of viral process

171

8.71E-06

4.35E-03

GO:0043903

Regulation of symbiosis, encompassing

198

1.77E-05

8.52E-03

mutualism through parasitism
GO:0035456

Response to interferon-beta

33

2.24E-05

1.04E-02

GO:0043900

Regulation of multi-organism process

367

2.74E-05

1.23E-02

GO:0009605

Response to external stimulus

2282

2.87E-05

1.25E-02

GO:0002697

Regulation of immune effector process

381

3.38E-05

1.41E-02

GO:0032020

ISG15-protein conjugation

6

4.07E-05

1.65E-02

GO:0019058

Viral life cycle

285

1.01E-04

3.96E-02

GO:0035457

Cellular response to interferon-alpha

10

1.21E-04

4.64E-02
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Table 3.2

Top enriched signaling pathways (FDR < 0.05)

Gene Set

Description

Size

P Value

FDR

R-HSA-

Interferon alpha/beta signaling

69

0

0

Interferon Signaling

197

4.89E-15

4.87E-12

R-HSA-

Cytokine Signaling in Immune

688

1.77E-10

1.18E-07

1280215

system

R-HSA-

Immune System

1997

2.44E-08

1.22E-05

R-HSA-

Antiviral mechanism by IFN-

78

2.08E-07

8.28E-05

1169410

stimulated genes

R-HSA-

ISG15 antiviral mechanism

71

6.75E-06

2.24E-03

909733
R-HSA913531

168256

1169408

90

Table 3.3

Top enriched disease phenotypes (FDR < 0.05)

Gene Set

Description

Size

P Value

FDR

Genes

PA444621

Influenza, Human

144

2.07E-11

4.56E-08

BST2, HERC5,
IFIT1, ISG15, ISG20,
MX2, RSAD2,
TIMD4

PA444614

Infection

643

3.08E-11

4.56E-08

APOBEC3A, BST2,
HERC5, IFIT1,
IFIT2, IFIT3, ISG15,
ISG20, MX2, OAS2,
RSAD2, TIMD4

PA446038

Virus Diseases

580

2.15E-10

2.12E-07

APOBEC3A, BST2,
HERC5, IFIT1,
IFIT2, IFIT3, ISG15,
ISG20, MX2, OAS2,
RSAD2

PA444435

Hepatitis

253

1.85E-09

1.37E-06

APOBEC3A, BST2,
IFIT1, ISG15, ISG20,
OAS2, RSAD2,
TIMD4

PA166170066

Virological response

282

4.34E-09

2.57E-06

BST2, IFIT1, IFIT2,
IFIT3, ISG15, ISG20,
MX2, RSAD2

PA447230

HIV

862

1.37E-08

6.73E-06

APOBEC3A, BST2,
HERC5,
HNRNPA2B1, IFIT2,
IFIT3, ISG15, ISG20,
MX2, OAS2, RSAD2

PA445746

Stomatitis

126

2.20E-08

9.31E-06

BST2, IFIT1, IFIT2,
IFIT3, MX2, RSAD2

PA444020

Encephalitis, Tick-

26

5.00E-08

1.85E-05

IFIT1, IFIT2, OAS2,
RSAD2

Borne
91

Table 3.3 (continued)
Gene Set
PA444014

Description
Encephalitis

Size
89

P Value
7.68E-06

FDR
2.31E-03

Genes
IFIT2, MX2, OAS2,
RSAD2

PA444445

Hepatitis C

195

7.82E-06

2.31E-03

BST2, IFIT1, ISG15,
OAS2, RSAD2

PA445546

Retroviridae

494

6.10E-05

1.29E-02

APOBEC3A, BST2,
HERC5, ISG15,

Infections
PA446213

HIV Infections

MX2, RSAD2

495

6.17E-05

1.29E-02

APOBEC3A, BST2,
HERC5, ISG15,
MX2, RSAD2

PA445640

Sexually Transmitted

496

6.24E-05

1.29E-02

APOBEC3A, BST2,
HERC5, ISG15,

Diseases
PA446295

Lentivirus Infections

MX2, RSAD2

498

6.38E-05

1.29E-02

APOBEC3A, BST2,
HERC5, ISG15,
MX2, RSAD2

PA444601

Immunologic

500

6.52E-05

1.29E-02

APOBEC3A, BST2,
HERC5, ISG15,

Deficiency

MX2, RSAD2

Syndromes
PA446768

Encephalitis, Viral

66

1.14E-04

2.12E-02

IFIT2, OAS2, RSAD2

PA443855

Dengue

76

1.74E-04

3.03E-02

IFIT3, OAS2, RSAD2
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Figure 3.1

Multidimensional scaling of RNA expression at arrival identifies expression
clustering in cattle that die of BRD

The three animals within the DEAD cohort are highly similar in gene expression and more
distinct than the three animals within the ALIVE cohort, with leading fold-change of
approximately 2-fold between the furthest points within the DEAD cohort. One animal within
the ALIVE cohort (S_51) is the most dissimilar animal in terms of gene expression. Points
represent each sample and their transformed Euclidean distance in two dimensions, discerned as
leading log2-fold change between the pairwise distances of the top 500 genes that best
differentiate each animal
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Figure 3.2

Hierarchical clustering of gene expression from arrival blood separates ALIVE and
DEAD cohorts

Heatmap depicting gene expression directionality and hierarchical clustering of DEGs in each
sample. Red or blue color intensities, respectively, correspond to increasing or decreasing gene
expression. Dendrograms in the rows identify gene expression clusters. Note that clustering of
samples (columns) based on gene expression similarity segregates the samples into ALIVE and
DEAD cohorts
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Figure 3.3

Protein-protein interaction networking and co-expression analysis demonstrates
similar expression patterns in DEGs

A) Protein-protein interaction (PPI) analysis depicts strong interactions between multiple DEGs
that are involved in type I interferon production and antiviral defense. These antiviral DEGs
were all higher in expression in the DEAD cohort. All filled nodes represent DEGs with known
or predicted three dimensional structures. Colored lines (edges) represent known interactions
from curated databases (light blue) and published experimentation (pink) and predicted
interactions from gene neighborhood/clusters (green), gene fusions (red), gene co-occurrences
(dark blue), text mining (yellow), and co-expression (black). B) Gene co-expression analysis
depicted in the triangle matrix demonstrates correlated expression patterns between individual
gene products. The scale, from white/light red to dark red, indicates the level of confidence
between each evaluated interaction
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Figure 3.4

Taxonomic identification of de novo constructed contigs

Taxonomic distribution of de novo contig alignment against the NCBI nucleotide database, using
only the top hit. The majority of hits were to Bovidae family assemblies and various mammalian
species. Notably, no viral alignments were seen with the de novo contigs. The non-mammalian
hits primarily consisted of bovine microbiota organisms, with few exceptions (Basidiomycota,
Onchocerca ochengi). The total number of hits from each alignment are organized in descending
order, from left to right
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Figure 3.5

Phylogenetic map of de novo constructed contigs

Phylogenetic mapping of de novo assembled contigs with associated number of top hit
alignments for each organism. The majority of alignments were seen with non-ARS-UCD1.2 Bos
taurus, Bos indicus, and various ungulate assemblies. Assigned alignments are ordered within
the phylogenetic tree, with a representative circle (in blue) based on the percentage of hits.
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CHAPTER IV
MULTIPOPULATIONAL TRANSCRIPTOME ANALYSIS OF POST-WEANED BEEF
CATTLE AT ARRIVAL FURTHER VALIDATES CANDIDATE
BIOMARKERS FOR PREDICTING CLINICAL
BOVINE RESPIRATORY DISEASE

A manuscript to be submitted to Scientific Reports

Abstract
Bovine respiratory disease (BRD) remains the leading infectious disease in post-weaned
beef cattle. The objective of this investigation was to contrast the at-arrival blood transcriptomes
from cattle derived from two distinct populations that developed BRD in the 28 days following
arrival versus cattle that did not. 48 blood samples from two populations were selected for
mRNA sequencing based on even distribution of development (n=24) or lack of (n=24) clinical
BRD within 28 days following arrival. Sequenced reads (~50M/sample, 150 bp paired-end) were
aligned to the ARS-UCD1.2 bovine genome assembly. 132 unique DEGs were identified
between groups stratified by disease severity (healthy, n=24; treated_1, n=13; treated_2+, n=11)
with edgeR (FDR < 0.05). DEGs increased in treated_1 relative to healthy and treated_2+ were
involved in pathways that increase neutrophil activation, cellular cornification/keratinization, and
antimicrobial peptide production. DEGs increased in treated_2+ relative to healthy and treated_1
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were predicted to increase alternative complement activation, macrophage/neutrophil proinflammatory activity, and nitric oxide production. Receiver operating characteristic (ROC)
curves generated from expression data for six DEGs identified in our current and previous
studies (MARCO, CFB, MCF2L, ALOX15, LOC100335828 (aka CD200R1), and SLC18A2)
demonstrated good-to-excellent predictability for classifying disease occurrence and severity.
This investigation identifies candidate biomarkers and functional mechanisms in at arrival blood
that predicted development and severity of BRD.

Introduction
Bovine respiratory disease (BRD) remains the leading cause of economic loss and
antimicrobial usage in beef cattle production within North America (Wilkinson, 2009; Dargatz &
Lombardi, 2014; USDA, 2013). BRD is a multifactorial disease complex that results from a
combination of host-pathogen interactions, host immunological and metabolic responses, and
environmental conditions (Earley et al., 2017; Snowder et al., 2006). Diagnosis of BRD is most
commonly made by visual identification of BRD-associated clinical signs which yields a
diagnostic sensitivity of 27-62% (White & Renter, 2009; Timsit et al., 2016). The majority of
clinical BRD cases occur within the first three weeks of facility arrival and visual assessment of
clinical symptoms cannot diagnose subclinical BRD nor the long-term outcome of the disease
(White et al., 2015; Ollivett & Buczinski, 2016; Abdallah et al., 2016). Since the genomic
mechanisms and immunologic events that confer resistance or susceptibility to clinical BRD
remain disputed, analysis of the differences in whole blood transcriptomes assessed at facility
arrival between cattle that develop BRD within 28 days of arrival and those that do not is likely
to elucidate underlying mechanisms associated with BRD susceptibility and to inform the need
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for at arrival treatment. Further, this information will advance the validation of candidate
biomarkers and associated pathways discovered in previous transcriptomic experiments.
RNA sequencing (RNA-Seq) is an approach of cataloging and quantifying RNA from a
biologic sample. Analyses of the resulting data have demonstrated the ability to provide sensitive
and comprehensive interpretation of functional genomic mechanisms and molecular events
occurring at a point in time (Wang et al., 2009). RNA-Seq has been utilized in a number of
experiments in an effort to identify host responses that are associated with clinical BRD. These
studies have identified host immunological events following BRD-associated pathogen challenge
(Tizioto et al., 2015; Behura et al., 2017; Johnston et al., 2019) as well as candidate biomarkers
and genomic mechanisms from whole blood samples of post-weaned cattle (Scott et al., 2020;
Scott et al., 2021; Sun et al., 2020). However, RNA-Seq studies are most often performed with a
subset of a single population that may not account for heterogeneity in gene expression across
independent populations, and such investigations are generally underpowered (Liu et al., 2014;
Conesa et al., 2016; Sims et al., 2014; Lim & Mathuru, 2020). Therefore, building upon our
previous research (Scott et al., 2020; Scott et al., 2021), we aimed to contrast the at-arrival whole
blood transcriptomes of post-weaned beef cattle that developed BRD within the first 28 days of
arrival and cattle that failed to develop BRD in this period from multiple independent
populations.
The objective of this study was to classify and further validate and to discover BRDassociated genes and mechanisms at facility arrival in post-weaned beef cattle using multiple
independent populations. Our approach was to profile and compare at-arrival whole blood
transcriptomes of post-weaned beef cattle that failed to develop signs associated with clinical
BRD and cattle that ultimately were diagnosed and treated for clinical BRD within the first 28
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days of facility arrival. Additionally, cattle identified with clinical BRD were further stratified
into BRD-associated severity cohorts, based on frequency of antimicrobial treatment, clinical
evaluation scores, weight gain records, and mortality. This study provides key genomic
information related to differentially expressed genes and biological mechanism which may
influence BRD development and clinical severity. The findings from this study may serve as a
foundation for advancing prognostic and therapeutic strategies against clinical BRD in postweaned beef cattle.

Materials and methods
Animal use and study enrollment
All animals use and procedures were approved by the Mississippi State University
Animal Care and Use Committee (IACUC protocol #17-120). This experiment was performed in
conjunction with two additional studies examining the effect of at-arrival vaccination and
deworming on health and performance outcomes (2017) and the impact of the density of cattle in
pens on health and performance outcomes (2019). The 2017 study enrolled 80 commercial
crossbred bulls (n=57) and steers (n=23), which were received over a course of two days. The
2019 study enrolled 199 commercial crossbred steers (one animal that was BVDV+ on ear notch
antigen ELISA was removed), which were received over a course of seven days. All animals in
these studies were sourced from commercial livestock auctions within the state of Mississippi
and housed at the H. H. Leveck Animal Research Center at Mississippi State University
(Starkville, MS, USA). On day 0 of each experiment, animals in both studies had blood samples
collected into Tempus tubes (Applied Biosystems) via jugular venipuncture, which were frozen
and stored at -80° C until analysis. On day 0, animals were vaccinated and administered oral
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anthelminthic, selectively in 2017, and to all animals in 2019. Bull calves were surgically
castrated. Vaccinated animals received commercial vaccines subcutaneously at arrival and at
four weeks post-arrival, per label instruction (Express 5, Boehringer Ingelheim Vetmedica;
Vision 6 with SPUR, Merck Animal Health). Dewormed animals received oral fenbendazole and
levamisole at arrival, at 5.0 mg/kg PO and 8.0 mg/kg PO, respectively. Fecal egg counts (FEC),
rectal temperatures, and body weights were recorded for all animals at arrival. All cattle were
given identification ear tags and confirmed to be negative for persistent infection with bovine
viral diarrhea virus (BVDV) via ear notch antigen capture ELISA. Individual body weights were
collected every two weeks in each study.
All animals were visually assessed each day for signs of BRD and/or other disease by
trained university employees. The observed signs of BRD were assigned a severity score of 0-4,
adapted from the scoring system described by Holland and colleagues (2011). Antimicrobial
therapy was instituted according to severity score as described by Woolums and colleagues
(2018). Briefly, all treated cattle in 2017 were given first treatment scores of 1, with only three
cattle receiving multiple treatments. Four of the twelve cattle treated in 2019 were given first
treatment scores greater than 1, and seven cattle required multiple treatments. Animals whose
signs of BRD persisted following the final antimicrobial treatment were monitored daily for
predetermined endpoints that are indicative of unlikely recovery. Such endpoints included severe
dyspnea, moribund behavior, dull mentation, and/or signs of abnormal aggression. Animals
deemed unlikely to recover were euthanized by project veterinarians via intravenous
administration of pentobarbital followed by a gross necropsy that was performed by a boardcertified veterinary anatomical pathologist.

110

RNA sequencing and data processing
Twelve animals that remained healthy and twelve animals that developed BRD were
selected for RNA-sequencing from each of the two cattle populations (2017 and 2019), yielding
a total of 48 samples for sequencing as follows. From the 2017 cohort of 80 cattle, the
vaccination and deworming status could be aligned for 10 of the 12 animals in the healthy and
BRD groups (Appendix B). Of the remaining two individuals in the 2017 healthy group, one was
vaccinated and not dewormed, and the other was dewormed but not vaccinated. By contrast, the
remaining two individuals in the 2017 diseased group were both vaccinated and dewormed. As
all animals in the 2019 population were vaccinated and dewormed at arrival, the twelve healthy
animals were selected randomly and the twelve BRD samples were selected based on varying
frequencies of treatments (Appendix C). RNA isolation, mRNA library preparation, and
sequencing were performed at the UCLA Technology Center for Genomics and Bioinformatics
(UCLA TCGB; Los Angeles, CA, USA). RNA was isolated from the Tempus blood tubes using
the Tempus Spin RNA Isolation Kit (Applied Biosystems). RNA quantity and quality were
measured using Agilent 2100 Bioanalyzer (Agilent); all RNA samples were of high quality
(RIN: 8.3-9.5, mean = 8.9). Library construction was performed with the TruSeq RNA Sample
Library Kit (Illumina). 150bp paired-end sequencing was performed with an Illumina Novaseq
6000 (v1.7; S4 reagent kit v1.5) in one lane.
Quality assessment of raw and trimmed sequenced reads was performed with FastQC
v0.11.9 (Andrews, 2018). Quality filtering and adapter trimming of raw sequenced reads was
performed with Trimmomatic v0.39 (Bolger et al., 2014). Briefly, trimming was performed by
scanning each read with a 4-base pair sliding window and removing read segments below a
minimum base quality score of 20 and a read length of less than 32 bases. Trimmed reads were
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mapped to the bovine reference assembly ARS-UCD1.2 using HISAT2 v2.2.1 (Kim et al., 2015;
Kim et al., 2019). Transcript/gene assembly and quantification was performed with StringTie
v2.1.2 (Pertea et al., 2015; Kovaka et al., 2019); a gene-level raw count matrix was generated for
each sample with the program prepDE.py (Pertea, 2019).

Differential gene expression analysis
Raw gene counts generated for each sample were processed and analyzed in R v4.0.2
with the Bioconductor package edgeR v.3.30.3 (Robinson et al., 2010; McCarthy et al., 2012).
Samples were placed into three different cohorts based on BRD status, frequency of treatments,
and mortality. Briefly, cattle never having been diagnosed with clinical BRD nor received
antimicrobial treatment were categorized as “healthy” (n=24), those diagnosed with clinical BRD
and only treated with antimicrobials one time were categorized as “treated_1” (n=13), and those
diagnosed with BRD, treated with antimicrobials more than once, and/or euthanized due to
worsening BRD state were categorized as “treated_2+” (n=11); all animals classified with
clinical BRD were diagnosed and treated within the first 14 days post-arrival. Raw counts were
processed and filtered according to procedures described by Chen and colleagues (2016),
utilizing gene counts-per-million (CPM) of 0.5 across a minimum of three samples. Library
normalization was performed with the trimmed mean of M-values method (TMM) (Robinson &
Oshlack, 2010). Differentially expressed genes (DEGs) were identified through pairwise
comparison of the three groups using likelihood ratio testing (glmLRT); DEGs were considered
significant with a false discovery rate (FDR) of < 0.05 (Benjamini & Hochberg, 1995).
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Data exploration and receiver operating characteristic (ROC) curve analysis
Visual comparison of the differentially expressed genes between all three groups was
performed with the Bioconductor package VennDiagram v1.6.20 (Chen & Boutros, 2011).
Heatmaps of DEGs were generated with the Bioconductor package pheatmap v1.0.12 (Kolde,
2019), utilizing Minkowski distances and Pearson correlation coefficients for unsupervised
hierarchical clustering of samples and DEGs, respectively. Data exploration and dimensional
reduction via principal component analysis (PCA) was conducted with the Bioconductor package
PCAtools v2.0.0 (Blighe, 2020). Metadata components for PCA correlational analysis included
at-arrival fecal egg counts per gram (FEC), at-arrival castration status (Sex), average daily
(weight) gains (ADG), timing of first treatment (Timing), population (Year), and disease severity
(Group); information regarding these components is available in Appendix B and C. Multiclass
ROC curve analysis of DEGs was performed with the Bioconductor package pROC v1.16.2
(Robin et al., 2011). Briefly, the log-CPM normalized values of six DEGs of interest were
selected based on overlapping DEG identification from this and our previous studies (Scott et al.,
2020): MARCO, CFB, MCF2L, ALOX15, LOC100335828 (CD200R1), and SLC18A2. Aggregate
area under the curve (AUC) was calculated for each ROC curve. Each AUC was interpreted as
“excellent” if > 0.900, “good” if 0.899-0.800, “fair” if 0.799-0.700, “poor” if 0.699-0.600,
“failed” if < 0.600. Color scaling for all packages was performed with the Bioconductor package
viridis v0.5.1 (Garnier, 2018) to allow ease of visual interpretation for individuals with color
blindness.
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Downstream analysis of DEGs
Gene Ontology (GO) and pathway analysis of DEGs was performed with WebGestalt
2019 (WEB-based GEne SeT AnaLysis Toolkit), utilizing human orthologs and functional
databases (Liao et al., 2019). Overrepresentation analysis parameters within WebGestalt 2019
included between 5 and 3000 genes per category, Benjamini-Hochberg procedure for multiple
hypothesis correction, and FDR cutoff of 0.05 for significance. Pathway analysis performed
within WebGestalt 2019 utilized the pathway database Reactome (Fabregat et al., 2018). Proteinprotein interactions of DEGs were evaluated with the Search Tool for the Retrieval of Interacting
Genes (STRING) database v11.0 (Szklarczyk et al., 2019), employing the same human orthologs
of the DEGs used in the overrepresentation analysis. Briefly, interactions were considered
significant with a minimum interaction score (confidence) of 0.400 and network clustering was
performed with the k-means algorithm within the STRING interface empirically pre-set to six
clusters; disconnected nodes were omitted from the STRING interaction network. Ingenuity
Pathways Analysis (IPA; Qiagen) was utilized for upstream regulator and function process
analyses utilizing the Benjamini-Hochberg method for multiple hypothesis correction and
calculated z-score cutoffs of ± 2.0.

Results
Differential gene expression analysis and data visualization
Alignment of reads to the ARS-UCD1.2 bovine genome assembly and gene count matrix
generations yielded 28,478 unique annotated genes. Following pre-processing of lowly expressed
genes across samples, a total of 16,346 annotated genes were kept for differential gene
expression analysis; the 48 samples possessed a total of 209.4 million gene counts, with a
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median library size of 43.6 million gene counts. A total of 132 unique differentially expressed
genes (DEGs; FDR < 0.05) were identified. Complete list of DEGs identified is available as
Supplemental file S4 in publication. 64 DEGs were identified between healthy and treated_1, 40
DEGs between healthy and treated_2+, and 81 DEGs between treated_1 and treated_2+ (Figure
4.1A & 4.1B). Figure 4.2 is a heatmap of normalized expression patterns in all cattle for 105
genes that were differentially expressed across the comparisons with the most severely diseased
cattle (healthy vs treat 2 and treat 1 vs treat 2). Hierarchical clustering of the gene expression
patterns depicts healthy and treated_1 cattle as the most similar at the right of the map, while
treated_2+ cattle and most severely diseased cattle (including those euthanized), tended to cluster
distinctly to the left of the map (Fig. 4.2).

Principle component analysis
Metadata from cattle for the variables at-arrival parasite egg counts per gram of feces
(FEC), castration status at arrival (Sex), average daily weight gain in pounds (ADG), time to first
treatment (Timing), population (Year), and disease severity (Group) can be found in Appendices
B and C. Using the combination of the Elbow method and Horn’s parallel analysis (Horn, 1965;
Buja & Eyuboglu, 1992), the first eight principal components where chosen, accounting for 48%
of the variance in the data (Figure 4.3A). The first principal component (PC) explained 16% of
the data variance and was positively correlated with Group (r = 0.30, FDR <0.05) and negatively
correlated with ADG (r = -0.38, FDR <0.01) (Fig. 4.3A & 4.3B). PC3, which accounted for 6%
of the variance, included the strongest and most significant correlation observed, which was with
Year (r = 0.68, FDR <0.001), and less significant correlations with Sex (r = 0.39, FDR <0.01)
and FEC (r = 0.32, FDR <0.05). PC5 and PC7 were negatively correlated with Sex (r = -0.31,
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FDR <0.05) and Year (r = -0.43, FDR <0.01), respectively. Pair plots of the four PCs with
significant correlations with metadata components (PCs 1, 3, 5, and 7) demonstrated no
discernable patterns across the 48 cattle, when accounting for Group and Sex (Fig. 4.3C).
Genes providing the greatest contributions to each PC are indicated in the loading plots
(Fig. 4.3D). Genes with the greatest influence on PC1, the only PC significantly correlated to
measures of disease severity, include PPM1G, MBTPS1, SOX12, TAGAP, and CFB. Genes with
major influence on PC3, which correlated to Year, FEC and Sex, included TAGAP, GF11, CFB,
and VPS9D1. EPN1 and TAGAP had the greatest influence on PC5, which was significantly
correlated with Sex. PDK1, CFB, GAS2L3, DESI2 and EPN1 accounted for the greatest variance
in PC7 which correlated with Year.

Gene selection and receiver operating characteristic (ROC) curve analyses
To evaluate DEGs as potential biomarkers that predict individuals that are likely to
develop BRD, and to differentiate BRD severity outcomes, multiclass ROC curves were
generated with expression data from the 48 individual cattle (Figure 4.4). Based upon differential
expression patterns in this investigation and in our previous work (Scott et al., 2020), six genes
were of particular interest: ALOX15, MARCO, CFB, MCF2L, LOC100335828 (CD200R1), and
SLC18A2. In discriminating cattle that would become severely diseased (treated_2+) from those
that remain healthy, MARCO expression demonstrated excellent discrimination (AUC: 0.917),
followed by expression of SLC18A2 (AUC: 0.864), ALOX15 (AUC: 0.860), LOC100335828
(AUC: 0.860) and MCF2L (AUC:0.822), which independently provided good discrimination.
CFB expression provided fair discrimination for these two groups (AUC: 0.769). A combination
of ALOX15, LOC100335828, and SLC18A2 expression (“3-marker Healthy Panel”) provided
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excellent discrimination of cattle that would become severely diseased cattle (treated_2+) from
those that would remain healthy (AUC 0.943), while the combination of MARCO, CFB, and
MCF2L (“3-marker BRD+ Panel”) also provided good discrimination between these two groups
(AUC: 0.890).
In predicting cattle that became more severely diseased (treated_2+) from those that
developed less severe disease (treated_1), ALOX15 (AUC: 0.972) and SLC18A2 (AUC: 0.937)
expression independently provided excellent discrimination. As independent predictors,
discrimination of these two groups by LOC100335828 (AUC: 0.867) and MARCO (AUC: 0.811)
expression was good while discrimination based on CFB (AUC: 0.741) expression was deemed
fair. The combination of ALOX15, LOC100335828, and SCL18A2 expression provided excellent
discrimination in predicting treated_2+ versus treated_1 cattle (AUC 0.993), while the
combination of MARCO, CFB, and MCF2L expression provided fair discrimination of these two
groups (AUC: 0.741).
For differentiating cattle that would become less severely diseased (treated_1) from cattle
that would remain healthy, MCF2L expression was the best independent discriminator (AUC:
0.792) followed by ALOX15 (AUC: 0.728), and MARCO (AUC: 0.708). Of the two multi-gene
panels, only the 3 Marker BRD+ Panel of ALOX15, LOC100335828, and SLC18A2
demonstrated acceptable discrimination (AUC: 0.740).

Gene ontology and pathway enrichment analyses
Analysis of GO terms from DEGs identified between treated_1 and healthy cattle
identified 50 biological process terms, 25 cellular component terms, and 4 molecular function
terms that were significantly over-represented. Biological processes identified from DEGs
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between these two groups were related to epidermal cornification and keratinization, neutrophil
activation and degranulation, humoral immune response, and host defense against
microorganisms (e.g., bacteria). Cellular components identified from DEGs between these two
groups involved exosomes, secretory granules, lysosomes, and intracellular vesicles. Molecular
functions identified from DEGs between these two groups involved
glycosaminoglycan/lipopolysaccharide binding, heparin binding, and the structural constituent of
cytoskeleton. No significantly enriched GO terms were identified from DEGs derived from the
treated_2+ versus healthy comparison (FDR <0.05). Analysis of GO terms from DEGs identified
between treated_2+ and treated_1 cattle identified 41 biological process terms, 33 cellular
component terms, and 1 molecular function term as significantly over-represented. Enriched
biological processes identified from DEGs between these two groups were related to epidermal
cornification and keratinization, neutrophil activation and degranulation, antimicrobial humoral
immunity, and granulocyte activation. Cellular components identified from DEGs between these
two groups involved secretory granules, cornified envelopes, supermolecular complexes, ficolin1 granules, and cytoskeletal components. A single significant molecular function, inhibition of
serine-type endopeptidases, was identified from the DEGs between these two groups.
Five significantly enriched pathways were identified from the DEGs between treated_1
versus healthy cattle. The enriched pathways identified from DEGs between these two groups
involved the formation of cornified envelopes, neutrophil degranulation, keratinization, apoptotic
cleavage of cell adhesion proteins, and innate immunity. No pathways were significantly
enriched from DEGs identified between treated_2+ and healthy cattle. Six significantly enriched
pathways were identified from the DEGs between treated_2+ versus treated_1 cattle. The
enriched pathways identified from DEGs between these two groups involved neutrophil
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degranulation, the formation of cornified envelopes, keratinization, innate immunity, and
apoptotic cleavage of cell adhesion proteins. Complete list of GO terms and pathways identified
is available as Supplemental file S6-8 in publication.

Protein-protein interaction network analysis
All 132 unique DEGs were included for protein-protein interaction networking. Unique
DEGs mapped to 102 functional homologous products (nodes) with 130 generated associations
(edges) within STRING. When disconnected nodes were removed, the interaction network had
62 nodes with known and predicted protein interactions. All node identifiers and interaction
scores are presented in Supplementary Table S9 in publication. The resulting matrix was
clustered into six distinct functional groups, presented in Figure 4.5. The teal cluster (#1), driven
primarily by DEGs upregulated in treated_1 relative to both treated_2+ and healthy cattle, is
functionally associated with neutrophil enhancement and innate antimicrobial defense. The red
cluster (#2), driven primarily by DEGs upregulated in treated_1 relative to both treated_2+ and
healthy cattle, is functionally associated with cellular adhesion, cornification, and antigenic
presentation. The purple cluster (#3) is functionally associated with pro-inflammatory cytokine
signaling and extracellular matrix protein production and binding (fibronectin, integrin) in lung
tissue. The green cluster (#4) is functionally associated with B-cell activation and T-cell
survivability. The blue cluster (#5), driven by DEGs upregulated in treated_2+ relative to both
treated_1 and healthy cattle, is functionally associated with apoptotic cell/ligand clearance,
macrophage activity (via pathogen recognition/uptake and hemoglobin recognition), and
regulation of TNF-alpha and nitric oxide. The yellow cluster (#6) is functionally associated with
cell interphase and neutrophilic transmigration.
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Ingenuity Pathway Analysis (IPA)
Ingenuity Pathway Analysis (IPA; Qiagen) was utilized to identify upstream regulators
based on the DEGs identified in each disease cohort comparison. The significant upstream
regulators that may explain observed gene expression changes (Z-score > 2 or < -2, p-value <
0.05) are presented in Table 4.1. The transcription regulators MRTFB, SRF, and MRTFA were
predicted to be inhibited in treated_1 cattle, resulting in the upregulation of genes associated with
neutrophilic activity and antimicrobial defense (Figure 4.5, green cluster). IL1A and FADD were
both predicted as activated upstream regulators in treated_2 cattle, targeting genes primarily
involved in inflammatory signaling and calcium binding.
IPA was further utilized to identify enriched functional classifications from DEGs
identified in each disease cohort comparison, shown in Table 4.2. DEGs in treated_1 cattle were
associated with increased migration and recruitment of leukocytes, compared to healthy cattle.
DEGs in treated_2+ cattle were associated with decreased leukocytic activity and increased nitric
oxide production, compared to treated_1 cattle.

Discussion
In recent years, bovine RNA-Seq data has been utilized to identify predictive or
associative candidate biomarkers related to BRD. Previous studies have utilized tissue samples,
such as lung, lymph node, and tonsil, at the time of peak clinical infection after single pathogen
challenge (Tizioto et al., 2015; Behura et al., 2017; Johnston et al., 2019). These studies are
important foundational efforts, illustrating regulatory networks and host-pathogen interactions
likely related to immunological defense at the time of peak clinical BRD. However, as those
studies described, pathogen challenge models are limited in the degree to which they represent
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and mimic naturally occurring BRD due to the multifactorial nature of the disease complex
(Smith et al., 2020; Theurer et al., 2015; Ellis, 2017). Current and previous studies have
identified gene expression patterns and functional products in whole blood samples of postweaned beef cattle at facility arrival (Scott et al., 2020; Scott et al., 2021; Sun et al., 2020). An
advantage of these investigations is the ability to assess host-pathogen interactions and genomic
mechanisms in naturally occurring BRD. Analyzing samples from occurrences of natural disease
allows for immunological and metabolic discoveries within native biological context and the
ability to identify underlying genomic events that may influence clinical outcome (Colby et al.,
2017; Kiros et al., 2012). Additionally, identifying expressed genes and enriched genomic
mechanisms within whole blood samples supports the discovery and use of candidate biomarkers
and novel therapeutic modalities. Whole blood is an easily obtainable noninvasive sample type
that may represent transient biological occurrences at distinct physiological sites (Liew et al.,
2006; Chen & Zhao, 2019). Therefore, in the context of previous work, this study provides both
novel and corroborated findings that may influence BRD acquisition and severity.
One limitation of this study was that there was little to no information regarding
individual animal history of treatment/vaccination prior to arrival. Additionally, all individuals
utilized in this study were of varying breeds and may have been at differing time points in
disease process; these aspects could imprint biological variance on each transcriptome evaluated.
However, our study was designed to model commercial beef production systems with an overall
objective to identify at-arrival host mechanisms that could repeatably predict BRD outcome
within 28 days after arrival. Furthermore, we placed cattle into BRD severity cohorts based upon
frequency of antimicrobial treatment, clinical assessment scores, and BRD-associated mortality.
Therefore, disease phenotype was stratified for evaluation to reflect current economic and
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production concerns. Moreover, several studies have shown that production and economic loss
increases with an increase in frequency of treatment and the timing of initial BRD treatment
(Babcock et al., 2009; Schneider et al., 2009; Holland et al., 2010; Wilson et al., 2017);
therefore, our findings regarding DEG associated with the three cohorts evaluated here have
practical economic relevance.
In the present study, we identified 132 unique DEGs between the three disease cohorts.
Regarding significantly enriched functions and pathways related to these DEGs, the treated_1
group was the most explanatory. Genes that had relatively higher expression in this cohort were
largely involved with three major innate functions: neutrophilic recruitment and degranulation,
antimicrobial peptide (AMP) production, and cellular cornification/keratinization. Particular
interest related to neutrophilic activity and AMPs is given to DEGs that were significantly
upregulated in treated_1 cattle, but comparatively downregulated in both healthy and treated_2
cattle (CATHL1/2/3, CAMP, DSP, PRG3, AZU1, CTSG, CD177, MPO, LTF, and NGP). Several
of these genes and proteins have been directly identified in BRD-afflicted cattle in previous
exploratory studies (Tizioto et al. ,2015; Behura et al., 2017; Hägglund et al., 2017). These
products are important for host antimicrobial defense, particularly involving leukocytic
interactions within the airways (Brogden et al., 2007; Tecle et al., 2010; Meade et al., 2014).
Cattle produce all known mammalian classes of cathelicidins, compared to humans which only
produce one, and research has focused on their effects on bacterial pathogens (Baumann et al.,
2017; Litteri & Romeo, 1993; Ackermann et al., 2010). Both the production of AMPs,
particularly cathelicidins, and CD177-mediated neutrophilic response in cattle have been shown
to be effective at mitigating Gram-negative bacterial infections and may be associated with a less
overall cytotoxic/apoptotic host response (Brogden et al., 2007; Baumann et al., 2017;
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Tomasinsig et al., 2010). Dysregulation of these pathways is linked with poor outcomes
(Hägglund et al., 2010; Burucúa et al 2019; Alonso-Hern et al., 2019). DEG involved in
functions and pathways related to cellular cornification/keratinization were significantly
upregulated in treated_1 cattle, but comparatively downregulated in both healthy and treated_2+
cattle (KRT5/10/14/25, DSG1, DSP, CDSN, and SPINK5). While keratinization is primarily
considered a modification of epidermal skin cells, this process has been shown to be an antiapoptotic process of host barrier defense and structural repair in the lower airways related to
infectious respiratory disease (Hacket et al., 2011; Chen, 2017). Collectively, our results suggest
that treated_1 cattle were likely pathogenically challenged at arrival, but mounted a response
which ultimately led to mild disease.
Although analysis of DEGs from cattle in healthy and treated_2+ cohorts failed to result
in the identification of significantly enriched GO terms or specific pathways, our analysis
uncovered functional and regulatory gene patterns that differentiated these groups. To first
identify explainable variation and correlation within the gene expression dataset, we employed
the use of PCA. PCA is often used to dissimilarity in expression between samples in twodimensional space and cluster groups that correspond to a phenotype of interest. We further
explored the relationships between animal characteristics (metadata) and genes that were the
most responsible for driving variation within each principal component (Figure 4.3B & 4.3D).
Within PC1, the significant relationships were associated with weight gain and disease severity
classification. While our classification of disease severity is based on visual observation and
treatment frequency, weight loss over time is considered a key indicator of disease in beef cattle
(Schneider et al., 2009; Wilson et al., 2017). One of the genes most responsible for influencing
variation along PC1 is CFB.
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CFB encodes for complement factor B, the major acute phase protein needed for
activation of the alternative pathway of complement. CFB is a pro-inflammatory molecule,
produced by type II alveolar epithelial cells, that can directly stimulate monocytes and B
lymphocyte response to viral and bacterial respiratory pathogens (Pandya et al., 2014; Kulkarni
et al., 2018; Sethi et al., 1990). CFB, a DEG that increased with disease severity in this study,
has been consistently identified as significantly expressed in BRD-afflicted cattle, both from
pathogen challenge models and native at-arrival sampling (Tizioto et al., 2015; Behura et al.,
2017; Johnston et al., 2019; Scott et al., 2020; Scott et al., 2021; Sun et al., 2020). While CFB
enhancement is relatively non-specific regarding etiology, there is substantial evidence of its
direct involvement and signaling capability related to active respiratory disease in cattle.
Furthermore, CFB is both secreted by and also activates M1 macrophages Schorlemmer, 1981;
Sundsom & Götze, 1981; Zhang et al., 2017). Our network analysis (Figure 4.5; blue cluster) and
IPA (Table 4.1 & 4.2) findings suggest that cattle in the treated_2+ cohort possess an increase in
pro-inflammatory M1 macrophage activity without increased expression of other genes related to
leukocytic or antimicrobial responses, which may be driven by IL1A and FADD. This is made
evident by the increased expression in macrophage-specific receptors MARCO and CD163, and
decrease in the inhibitor glycoprotein CD200R1. Evidence suggests that these receptors and
subsequent expression levels correspond to a pro-inflammatory response by tissue macrophages,
particularly in the lung, and may lead to an enhanced IL-1/IL-6 response (Etzerodt & Moestrup,
2013; Maler et al., 2017; Vaine & Soberman, 2014). These findings corroborate the at-arrival
DEGs and suspected macrophage functionality observed in our previous research related to cattle
that acquired BRD (Scott et al., 2020).
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The differences in the expression of genes involved in lipid transport and antiinflammatory modalities was of particular interest. Several genes that correspond to multidrug
resistance-associated protein 4 (ABCC4/MRP4) were significantly downregulated in treated_2+
animals. MRP4 is a transporter protein found in multiple cell types and is directly involved in
lipid molecule transport, such as prostaglandins and eicosanoids (Gori et al., 2013; Podda et al.,
2012). When prostaglandin E2 (PGE2) is produced via cyclooxygenase-2 (COX-2), MRP4
exports PGE2 to the extracellular space for pro-inflammatory signaling (Gori et al., 2013; Duffin
et al., 2016; Kochel & Fulton, 2015). Our findings indicate that PGE2 signaling, a product of
arachidonic acid metabolism, is increased in cattle that remain healthy or become afflicted with
mild clinical BRD. However, MRP4 also mediates the efflux of eicosanoids and its expression is
coupled with the increase in ALOX15 expression. ALOX15 encodes for the lipid peroxidising
enzyme arachidonate 15-lipoxygenase, expressed by airway epithelium, circulating reticulocytes,
macrophages, mast cells, and eosinophils (Kühn et al., 1993; Snodgrass & Brüne, 2019; Horn et
al., 2015). ALOX15 is required for the biosynthesis of specialized proresolving mediators
(SPMs), such as resolvins and lipoxins (Snodgrass & Brüne, 2019; Adel et al., 2016). These
SPMs are important anti-inflammatory mediators derived from arachidonic acid and
polyunsaturated fatty acids, and are responsible for metabolizing and suppressing the effects of
prolonged inflammatory mediator signaling, including PGE2 (Gori et al., 2013; Snodgrass &
Brüne, 2019; Adel et al., 2016). ALOX15 production is implicated as a mitigating factor in a
wide variety of inflammatory diseases in humans (Singh & Rao, 2019; Hardwick et al., 2013).
Regarding BRD, ALOX15 has been found to be differentially expressed in animals challenged
with single pathogens; importantly, those animals were all determined to exhibit mild clinical
disease (Tizioto et al., 2015; Behura et al., 2017; Johnston et al., 2019). Additionally, at-arrival
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blood transcriptomes from this and previous research have shown that cattle which remain
healthy exhibit increased expression of ALOX15 (Scott et al., 2020). Thus, it can be theorized
that cattle in these production settings are undergoing some form of cellular stress and
subsequent pro-inflammatory signaling, but ALOX15 upregulation and SPM production protects
against severe clinical BRD.
We selectively evaluated the performance of six candidate mRNA biomarkers and their
ability to predictively classify severity-based cohorts with ROC curves and calculated AUCs
(Figure 4.4). The genes evaluated in this analysis were identified in both this current and our
previous studies (MARCO, CFB, MCF2L, ALOX15, LOC100335828 (CD200R1), and SLC18A2)
(Scott et al., 2020). Although the overall performance to accurately predict healthy or mild BRD
classification from both individual and a combination of genes was relatively low, the most
severely disease cattle (treated_2+) were distinguishable with high probability. Namely, we
demonstrated that these genes have inherent prognostic value for accurately identifying animals
that require the highest frequency of treatment, yield the lowest weight gains overtime, and/or
succumb to BRD-associated mortality. The ability to accurately predict cattle that are most likely
to develop severe BRD allows for precise management and antimicrobial treatment protocols,
potentially reducing the need to medicate beef cattle that are most likely to remain relatively
healthy throughout their production phases. Furthermore, predicting cattle that require multiple
antimicrobial treatments, or eventually succumb to BRD, has significant economic impact.
Several studies have established that beef cattle which receive multiple BRD treatments over
their production phases yield lower carcass grades and weights, increased management and
treatment cost per day, and overall reduced economic returns overtime (Blakebrough-Hall et al.,
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2020; Pardon et al., 2013; Brooks et al., 2008). Future research is necessary for evaluating these
genes as prognostic indicators and for expression cutoffs in larger future studies.

Conclusion
This study was conducted to identify and/or corroborate at-arrival genes and genomic
mechanisms that could predict acquisition and severity of BRD. In order to account for gene
expression heterogeneity across individual animals, common to commercial beef production
systems, we analyzed transcriptomic samples from multiple populations and compared
expression changes found with our previous and other researchers’ findings. Cattle that were
treated only treated one time and recovered from BRD were found to have an increase in
neutrophilic recruitment and activation, antimicrobial peptide production, and cellular
cornification/keratinization. Healthy cattle and cattle that required multiple antimicrobial
treatment and/or were euthanized due to BRD differed in their expression of genes associated
with pro-inflammatory mediation and response to cellular stress, particularly macrophage
activity. Six genes identified in this study, which we have previously identified as differentially
expressed at-arrival whole blood transcriptomes, are considered vital candidate biomarkers for
predicting disease severity: MARCO, CFB, MCF2L, ALOX15, LOC100335828 (CD200R1), and
SLC18A2. The collective understanding and utilization of these genes and functional associations
may provide a means of predicting BRD at the time of arrival, leading to earlier disease
intervention or selective antimicrobial treatment, to decrease overall antimicrobial use. Future
research is necessary for large-scale biomarker validation and adjunct therapeutics related to
inflammatory mediation at arrival.
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Table 4.1
Upstream

Significantly enriched upstream regulators among DEGs identified in disease
severity cohorts using Ingenuity Pathway Analysis (IPA)
Cohort

Regulator

Molecule

Predicted

Activation

P-value of

Type

Activation

z-score

overlap

-2

1.73E-04

Target Molecules

State
MRTFB

SRF

MRTFA

IL1A

FADD

Treated 1 (vs

Transcription

Healthy)

regulator

Treated 1 (vs

Transcription

Healthy)

regulator

Treated 1 (vs

Transcription

Healthy)

regulator

Treated 2+

Cytokine

Inhibited

CAMP, CTSG,
LTF, PGLYRP1

Inhibited

-2

4.61E-04

CAMP, CTSG,
LTF, PGLYRP1

Inhibited

-2

9.96E-05

CAMP, CTSG,
LTF, PGLYRP1

Activated

2

1.17E-04

CTSK, PTX3,

(vs Treated

S100A8,

1)

SERPINB4

Treated 2+

Other

Activated

(vs Treated

2

7.87E-04

CTSK, KRT14,
PTX3, SPP1

1)

Upstream regulators were considered significant with an adjusted p-value < 0.05 and an
activation z-score of > 2 or < -2
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Table 4.2

Functional annotation analysis from DEGs identified between cohorts using
Ingenuity Pathway Analysis (IPA)

Diseases or Functions Annotation

Cohort

Predicted

Activation z-

Activation

score

P-value

State
Leukocyte migration

Treated 1 (vs Healthy)

Increased

2.78

1.74E-03

Cell movement of leukocytes

Treated 1 (vs Healthy)

Increased

2.774

7.78E-04

Cell movement of phagocytes

Treated 1 (vs Healthy)

Increased

2.433

2.70E-03

Cell movement of neutrophils

Treated 1 (vs Healthy)

Increased

2.417

1.05E-04

Cellular infiltration by leukocytes

Treated 1 (vs Healthy)

Increased

2.41

7.54E-04

Migration of cells

Treated 1 (vs Healthy)

Increased

2.404

2.80E-03

Cell movement of mononuclear leukocytes

Treated 1 (vs Healthy)

Increased

2.377

9.24E-04

Cell movement

Treated 1 (vs Healthy)

Increased

2.298

6.59E-03

Recruitment of neutrophils

Treated 1 (vs Healthy)

Increased

2.19

3.06E-05

Cell movement of T lymphocytes

Treated 1 (vs Healthy)

Increased

2.175

2.25E-04

Cell movement of monocytes

Treated 1 (vs Healthy)

Increased

2.166

1.54E-05

Chemotaxis of mononuclear leukocytes

Treated 1 (vs Healthy)

Increased

2.162

2.38E-05

Chemotaxis of neutrophils

Treated 1 (vs Healthy)

Increased

2.156

1.59E-05

Cell movement of lymphocytes

Treated 1 (vs Healthy)

Increased

2.156

2.83E-03

Inflammatory response

Treated 1 (vs Healthy)

Increased

2.073

1.93E-03

Recruitment of leukocytes

Treated 2+ (vs Treated 1)

Decreased

-2.395

2.32E-05

Recruitment of neutrophils

Treated 2+ (vs Treated 1)

Decreased

-2.392

6.59E-06

Activation of leukocytes

Treated 2+ (vs Treated 1)

Decreased

-2.049

1.41E-03

Synthesis of nitric oxide

Treated 2+ (vs Treated 1)

Increased

2.176

4.08E-04

Annotations were considered significant with an adjusted p-value < 0.05 and an activation zscore of > 2 or < -2
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Figure 4.1

Number of DEGs (FDR < 0.05) identified at arrival through pairwise comparisons
of all three disease severity cohorts

(A) Venn diagram representing the number of DEGs shared and distinct to each comparative
analysis. (B) Relative directionality (log2 fold change) of DEGs identified in each severity
cohort
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Figure 4.2

Heatmap and hierarchical clustering analyses of gene expression profiles across all
48 sample libraries with 105 unique DEGs identified.

Heatmapping of the DEGs was performed with the z-scores calculated from Trimmed Mean of
M-values (TMM) normalized counts. Samples were labeled with population (year) and severity
(including mortality) to illustrate differences in expression patterns. Yellow/white: relative high
expression; purple/black: relative low expression
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Figure 4.3

PCA analysis of gene expression data generated for each sample

(A) Scree plot showing all components which account for the total variance within the data set.
The Elbow and Horn’s parallel analysis methods were used to determine the optimum number of
components to retain. The first eight PCs retained accounted for ~48% of the total variance in the
data set, while 80% of explained variation would have required 29 PCs. (B) Exploration of
Pearson correlation coefficients associated with metadata components for the first eight PCs.
Each animal’s fecal egg count at arrival, castration status at-arrival, average daily gains for the
first 14 days, population (year), and relative disease severity over the course of the study were
clinical aspects that possessed significant association with one or more PCs. Time to first
treatment was not significantly correlated with any of the first eight PCs. (C) Pairs plot (multibiplot) graph of PCs possessing significant metadata correlations. Each dot (vector) represents
the PC score of an individual sample, where the further away the vector is from the PC center,
the more influence that vector possesses for the PC. (D) Loading plot with annotated variables
(genes) driving variation in the first eight PCs. These plots are used to identify the top 0.5% of
genes found to be the most responsible for driving variation within each PC
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Figure 4.4

Receiver operator characteristic (ROC) curves with calculated area under the curve
(AUC) of selected DEGs

Hypothetical three-marker panels were generated based on expression trends across disease
severity cohorts. MARCO, CFB, and MCF2L were DEGs relatively increased in gene expression
as BRD severity increased. ALOX15, LOC100335828, and SLC18A2 were DEGs relatively
decreased in gene expression as BRD severity increased
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Figure 4.5

Protein-protein interaction network generated from DEGs

K-means clustering was performed based on product functionality. Product function of each
cluster is based on nodal (gene product) information from curated literature and database mining
in STRING. The color and number of edges (lines) corresponds with the type and strength of
data supporting an interaction between two nodes. Known interactions are colored teal (curated
database) and purple (experimental evidence). Predicted interactions are colored green (gene
neighboring), red (gene fusion), and dark blue (gene co-occurrence). All other interaction
evidence is colored yellow/lime green (text mining), black (co-expression association), and light
blue (protein homology). Filled nodes represents that a three-dimensional structure is known or
predicted
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CHAPTER V
IDENTIFICATION AND CLASSIFICATION OF GENES ASSOCIATED WITH
EXPERIMENTALLY INDUCED BOVINE RESPIRATORY DISEASE USING
SUPERVISED MACHINE LEARNING METHODOLOGY
ON INTEGRATED TRANSCRIPOMIC DATASETS

A manuscript to be submitted to Scientific Reports

Abstract
Bovine respiratory disease (BRD) is a multifactorial disease complex involving host
immune interactions with several distinct etiologies. Advancements in RNA sequencing support
improved molecular understanding associated with BRD. Supervised machine learning (ML)
approaches with transcriptomic data can identify novel genes and mechanisms in previously
published datasets. Our objective was to apply ML models to classify immunological tissue
samples acquired from clinical BRD experiments for determining classificational accuracy and
identifying gene classifiers. Raw sequencing reads from 151 bovine samples (3 studies; n=123
BRD, n=28 control) were downloaded from NCBI-GEO. Quality filtered reads were assembled
in a HISAT2/Stringtie2/prepDE pipeline. Raw gene counts for ML analysis were normalized,
transformed, and analyzed with MLSeq, utilizing six ML algorithms. Cross-validation
parameters (5-fold, repeated 10 times) were applied in a 70:30 training/testing ratio. Downstream
analysis of genes identified by the top sparse classifiers for each etiological association was
performed with WebGestalt and Reactome (FDR < 0.05). Support vector machines was routinely
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the top non-sparse classifier for predicting etiological disease versus control. Nearest shrunken
centroid and Poisson linear discriminant analysis with power transformation could reliably
predict IBR and BRSV with 100% accuracy. Genes identified in IRB and BRSV, but not BVDV,
were related to type I interferon production and IL-8 secretion, specifically in lymphoid tissue
and not lung. Genes involved in Mannheimia haemolytica infections were involved in activating
classical and alternative pathways of complement. Novel findings related to reduced
mitochondrial oxygenation and ATP synthesis in diseased lung tissue was discovered. Genes
identified in each analysis represent distinct genomic events relevant to understanding and
predicting clinical BRD. The few genes shared across analyses may be reliably associated with
clinical BRD. Our analysis demonstrates powerful techniques for discovering functional
information to predict and understand BRD acquisition.

Introduction
Bovine respiratory disease (BRD) is the most important disease complex in beef cattle
production. Although extensively researched, BRD remains the leading cause of infectious
disease and economic loss in post-weaned beef cattle worldwide (Griffin et al., 2010;
Delabouglise et al., 2017; Timurkan et al., 2019; Murray et al., 2017). Due to the multifactorial
and polymicrobial nature of BRD, effort has been made to illustrate host factors, management
schema, etiological associations, and stressful environmental factors associated with disease
development and progression (Griffin et al., 2010; Delabouglise et al., 2017; Murray et al.,
2017). Recent research has been focused in predicting BRD susceptibility and outcomes over
time (Blakebrough-Hall, et al., 2020; Baruch et al., 2019; Glover et al., 2019; Dutta et al., 2021).
Unfortunately, clinical diagnostic and prognostic prediction models remain contested, and
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mechanistic information regarding host-pathogen interactions and the development of clinical
BRD is not fully understood.
Clinical BRD is often linked with a select number of bacterial and viral etiologies.
Bacteria, such as Histophilus somni, Mannheimia haemolytica, Mycoplasma bovis, and
Pasteurella multocida, and viruses, such as bovine respiratory syncytial virus (BRSV), bovine
viral diarrhea virus (BVDV), infectious bovine rhinotracheitis (IBR), and bovine parainfluenza
type 3 virus (PI3), are well studied regarding their pathological capacity and disease association
(Cusack et al., 2009; Zhang et al., 2020; Zhang et al., 2019; Klima et al., 2019; Taylor et al.,
2010; Rice et al., 2007; Woolums et al., 2018). However, clinical presentation of BRD is highly
variable and antemortem diagnosis is often made without accompanying etiological
identification (Cusack et al., 2009; Taylor et al., 2010; White & Renter, 2009; Timsit et al.,
2016). Additionally, cattle experimentally exposed to these agents often fail to develop severe
clinical BRD, demonstrating the underlying complexity of the disease and the requirement of
implied predisposing factors (Shahriar et al., 2002; Allen et al., 1992). Consequentially, current
vaccination protocols possess varying effects in reducing ongoing rates of morbidity and
mortality associated with BRD, and targeted antimicrobial usage and antimicrobial resistance is
of particular public interest (O’Connor et al., 2019; Griffin et al., 2018; Richeson & Falkner,
2020; Richeson et al., 2009; Richeson et al., 2008; Coetzee et al., 2019). Therefore, research to
elucidate underlying host mechanisms associated with infectious BRD would reveal biological
components and regulatory functions imperative to disease response and clinical presentation.
High-throughput RNA sequencing (RNA-Seq) is a highly sensitive methodology used to
comprehensively evaluate functional mechanisms and molecular heterogeneity through global
gene expression analysis (Wang et al., 2009; Hong et al., 2020; Stark et al., 2019; Westermann et
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al., 2012). Because the high sensitivity of the technology, growing technological applications in
research, and decreasing costs associated with sequencing, RNA-Seq has become an excellent
method of evaluating cellular transcriptomes and functionality at a point in time. Several RNASeq studies performed with samples from post-weaned beef cattle have identified underlying
genes and host mechanisms associated with both naturally occurring and experimentally induced
BRD (Tizioto et al., 2015; Behura et al., 2017; Johnston et al., 2019; Scott et al., 2020; Scott et
al., 2021; Sun et al., 2020). However, sequencing technology and analysis techniques is highly
dependent on the experimental design and selected data analysis technique, which may be highly
conservative in nature (Stark et al., 2019; Rehrauer et al., 2013; Conesa et al., 2016; Fang et al.,
2012; Rajkumar et al., 2015). Therefore, the use of supervised learning models on an integration
of previously published RNA-Seq data may further understanding of gene expression and
mechanistic information related to clinical presentation of BRD.
Supervised machine learning (ML) algorithms used in biological research are primarily
designed to discover and establish dynamic models, trained from relationship between a set of
input variables, that recognize, classify, and predict outcomes associated with a designated
biological interest (Xu & Jackson, 2019; Cascianelli et al., 2020; Wang et al., 2018; Ma et al.,
2014; Bzdok et al., 2018). In recent years, studies have employed the use of ML framework to
identify candidate biomarkers for disease classification, cell and tumor expression signatures,
and novel protein mechanisms within publicly available RNA-Seq data sets (Song et al., 2021;
Wang et al., 2021; Palmer et al., 2021; Moon & Nakai, 2016; Rabaglino & Kadarmideen, 2020).
However, to our knowledge, the use of ML-based methodology has not been explored with
BRD-associated datasets. Therefore, we combined RNA-Seq sequence data from immunological
tissue of cattle experimentally challenged with causative agents of BRD, testing the classification
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performance of ML methodology and selected gene classifiers. Our objective for this study was
to integrate three publicly available datasets and utilize ML methodology, in order to both
corroborate findings previously discovered through differential gene expression analysis and
potentially identify novel genes and mechanisms associated with experimentally challenged
BRD.

Materials and methods
Dataset acquisition
Three high throughput sequencing transcriptomic datasets were acquired from the
National Center for Biotechnology Information (NCBI) Gene Expression Omnibus (GEO)
(Edgar et al., 2002; Barrett et al., 2013). Datasets were selected on the criteria that
immunological tissue samples were obtained during peak clinical signs of BRD from cattle that
were experimentally challenged or were negative controls, possessed associated daily recorded
clinical scores and veterinary assessment, and sequenced in a similar manner. Information
regarding the samples and studies related to the three transcriptomic datasets may be found in
Table 5.1.

Read processing and gene count matrix generation
Paired end read files for each sample were concatenated to their corresponding forward
and reverse direction. To eliminate potential variations induced by differing workflow toolkits,
all reads were processed identically. Quality assessment, read trimming, and adapter
contamination removal was performed with FastQC v0.11.9 and Trimmomatic v0.39 (Andrews,
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2018; Bolger et al., 2014). Briefly, reads were trimmed by removing leading and trailing bases if
below a base quality score of 3, scanning each read with a 4-base pair sliding window and
removing read segments below a minimum base quality score of 15, and retaining reads above a
minimum length of 36 bases. Read quality analysis was summarized and evaluated for each
study with MultiQC v0.37 (Ewels et al., 2016). Trimmed reads were mapped to the bovine
reference assembly ARS-UCD1.2 using HISAT2 v2.2.0 (Kim et al., 2019). Reference-guided
transcript/gene assembly and quantification was performed with StringTie v2.1.2 (Pertea et al.,
2015; Kobaka et al., 2019). A gene-level raw count matrix for all assembled samples was
generated for each sample with the program prepDE.py (Pertea, 2019). Five samples were
removed from further analysis due to low read count quantity and technical variability.
Additionally, the four samples from cattle infected with Pasteurella multocida were removed to
avoid imbalanced classification.

Supervised Machine Learning Analysis
A total of 151 samples, spanning six tissue types, were utilized for ML classification and
feature selection. Raw gene counts generated for each sample were processed and analyzed in R
v4.0.2 with the Bioconductor package MLSeq v2.6.0 (https://github.com/dncR/MLSeq)
(Goksuluk et al., 2019). Briefly, offset values of one were added to the count matrix to reduce
the likelihood of convergence when model fitting and reduce bulk sparsity (Silverman et al.,
2020; Kaul et al., 2017). Samples in the dataset were categorized based on experimental
challenge group, labeled as controls, BRD, viral, bacterial, and/or the type of pathogen used to
induce disease; labeling was performed to generate test sets for ML classification and extract
features associated with disease regardless of pathogen (BRD, n=123), virally-induced BRD
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(Virus, n=82), bacterially-induced BRD (Bacteria, n=41), and individual etiological association
(BRSV, n=35; IBR, n=24; BVDV, n=23; M. bovis, n=17; M. haemolytica, n=24), when
compared to controls (n=28). Counts were filtered with a minimum count-per-million cutoff of
0.5 across a minimum of three samples. Information regarding workflow parameters, model
building, and optimization are found in the package vignette and associated GitHub repository
mirror (https://bioconductor.org/packages/release/bioc/html/MLSeq.html;
https://github.com/dncR/MLSeq). The dataset was stratified into a training and testing set (70%
and 30%, respectively), using controls as the class statement. Model validation and parameter
optimization were evaluated using 5-folds, 10 repeats non-exhaustive cross validation. Library
normalization was performed with the DESeq median ratio approach, using default settings
(Anders & Huber, 2010). Six ML algorithms were utilized for classification and/or feature
selection: sparse Poisson linear discriminant analysis, with and without a power transformation
(PLDA, PLDA2) (Buttenschoen et al., 2008), negative binomial linear discriminant analysis
(NBLDA) (Dong et al., 2016), sparse voom-based nearest shrunken centroids (VNSC) (Zararsiz
et al., 2017), support vector machine (SVM) (https://cran.rproject.org/web/packages/caret/caret.pdf), and nearest shrunken centroids provided by the pamr
package (PAM) (https://cran.r-project.org/web/packages/pamr/pamr.pdf). Models were evaluated
with confusion matrices and performance metrics provided by the MLSeq package. Feature
selection from sparse classifier algorithms was set to a maximum of 2000 genes, based off of
maximum variance filtering. Sparse classifier models (PLDA, PLDA2, PAM, and VNSC) and
generated feature (gene) lists were manually selected as the top models for each test set based on
highest associated balanced accuracy and Kappa statistic; if two or more algorithms were equal,
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gene lists would be merged. Performance metric calculations are defined by Goksuluk and
colleagues (2019).

Exploration and functional analysis of test set gene classifiers
Visual relationships of the genes identified by the top sparse classifiers was performed
with UpSetR v1.4.0 (Conway et al., 2017), utilizing the interactive interface Intervene (Khan &
Mathelier, 2017). Multidimensional scaling was applied to the gene count matrix with plotMDS,
using pairwise distances of the top 500 genes based on variance (Ritchie et al., 2015). Heatmaps
of the unique gene classifiers identified across etiologic test sets were generated with the
Bioconductor package pheatmap v1.0.12 (Kolde, 2019), utilizing Ward’s method of
unsupervised hierarchical clustering on Euclidean distances and Pearson correlation coefficients
for samples and DEGs, respectively. Color scaling for all packages was performed with the
Bioconductor package viridis v0.5.1 (Garnier, 2018) to allow ease of visual interpretation for
individuals with color blindness.
Functional association and biological significance was assessed from genes acquired in
each test set. Gene Ontology (GO) and pathway analysis of DEGs was performed with
WebGestalt 2019 (WEB-based GEne SeT AnaLysis Toolkit), utilizing human orthologs and
functional databases (Liao et al., 2019). Pathway analysis performed within WebGestalt 2019
utilized the pathway database Reactome (Fabregat et al., 2018). Overrepresentation analysis
parameters within WebGestalt 2019 included between 5 and 3000 genes per category,
Benjamini-Hochberg procedure for multiple hypothesis correction, and FDR cutoff of 0.05 for
significance.
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Results
Supervised machine learning model performance
Mapping and alignment of reads to the ARS-UCD1.2 reference assembly yielded 33,129
genes across 151 samples (n=28 control, n=123 BRD); the corresponding count matrix yielded a
total library size of 5,132,593,936, with a median library size of approximately 32.7 million
counts per sample. The count matrix was partitioned into eight testing groups, where overall
testing performance for each ML algorithm may be seen in Table 5.2. Categorically, support
vectors machine (SVM) modeling, a non-sparse classifier, performed best for all testing groups,
except BVDV in which the nearest shrunken centroids model provided by the pamr package
(PAM) outperformed all other models. Regarding sparse classifiers, PAM performed best when
classifying BRD, Virus, BRSV, BVDV, M. bovis, and M. haemolytica against controls; Poisson
linear discriminant analysis (PLDA) when classifying Bacteria and both Power-transformed
Poisson linear discriminant analysis (PLDA2) and PAM performed identically when classifying
IBR. Because sparse classifiers utilize a subset of the data for classification, genes were acquired
and compiled from the previous top test sets. Both BRSV and IBR challenged samples were
capable of being classified with 100% accuracy, when compared to controls. BVDV challenged
samples were less accurate (86.67% balanced accuracy), which most likely affected
classification accuracy when evaluating all viral samples (89.90% balanced accuracy).
Bacterially challenged samples performed worse overall, with accompanying balanced
accuracies of 80.00%, 71.43%, and 80.00% for M. haemolytica, M. bovis, and Bacterial
classification, respectively. All samples (BRD) possessed poor balanced classification accuracy,
with the highest non-sparse classifier at 65.00% (SVM) and sparse classifiers (VNSC) at
60.83%.
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Visualization of intersample gene expression variation
Multidimensional scaling (MDS) was applied to the integrated data set, to discern
dissimilarities between samples based on gene variation. Each point on x- and y- axes represents
a sample and subsequent transformed Euclidean distance in two dimensions. Patterns from the
top 500 genes based on log2-normalized standard deviation revealed that there is an overall
similarity in gene expression across specific tissue types. While differences can be appreciated
for each sample with distinction to tissue site, lung (cluster 1; light blue) and lymphoid tissues
(cluster 2; purple) were the most evident in terms of dissimilarity (Figure 5.1). Bronchial lymph
node samples from Johnston et al. (2019) (cluster 3; green) demonstrated similar dissimilarity
from lung tissue as the bronchial lymph node sample from Tizioto et al. (2015) but were distinct
from one-another when evaluated in the second dimensional space. Additionally, inter-cluster
differences were more distinct in terms of tissue-level differences than disease or etiological
differences.
A heat map was generated for each sample using the gene classifiers identified through
the top machine learning algorithms in each etiologic-specific test group (Figure 5.2). A total of
572 genes were identified across the five etiological test groups, 357 of which were unique.
Expression patterns within each sample (column) is accompanied by unsupervised hierarchical
clustering, visualizing likeness in tissue type, etiology, and disease classification. Similar to the
MDS plot, distinction based on gene expression can be appreciated across lung and lymphoid
tissue types. Pearson correlation coefficients clustering of genes (rows) allowed for the
visualization of distinct expression patterns. Particularly, three visual expression modules were
identified, labeled as numerical values 1, 2, and 3. Visual expression module 1 contained the
genes PSMB8, PPA1, PARP12, EPSTI1, CXCL10, CLEC4F, TIFA, ZNFX1, MX1, DHX58,
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LOC100139670, GBP4, ZBP1, PLAC8, LOC618737, LOC512486, ISG15, IFIT2, IFITM1,
PML, FAM111B, and CD274, which were distinctly increased in lymphatic tissue sampled from
cattle experimentally challenged with BRSV and IBR. Visual expression module 2 contained the
genes CPSF6, TMEM123, CIRBP, ATP6, ATP8, ND4L, LPP, IFITM2, LOC112444847,
DTX3L, LDHA, RPS26, STIP1, PSME2, PARP9, LOC786372, PTP4A2, CDC42SE1, and
NLRC5, which were distinctly decreased in disease lung tissue sampled from cattle
experimentally challenged with Mycoplasma bovis, Mannheimia haemolytica, and IBR. Visual
expression module 3 contained the genes WDFY4, OTUD4, LCP2, OCDC69, TLN1, RPS7,
VPC, HNRNPU, and HMGB2, which were distinctly increased in bronchial lymph node tissue
sampled from cattle in the control group and experimentally challenged BRSV.
To explore the complex overlap of gene classifiers between etiological groups, we
employed an UpSetR matrix intersection technique (Figure 5.3). Among the genes identified
through the top sparse classifiers, BRSV was the most distinct with 109 unique genes. There was
an apparent separation of viral-related genes, whereas BRSV and IBR possessed the highest
unique overlap (42), BVDV possessed 24 unique genes and only four genes were found uniquely
across all three viruses. Similarly, the bacterial samples possessed minor overlap, with 25 and 22
genes identified uniquely for M. haemolytica and M. bovis, respectively, and only four genes
found uniquely between both bacterial analyses.

Functional analysis of gene classifiers
Gene Ontology (GO) terms for biological processes and Reactome pathway enrichment
analyses were performed with WebGestalt (FDR < 0.05). 120, 72, 1, and 48 GO-BP terms were
significantly enriched by gene classifiers identified for BRSV, IBR, BVDV, and M. haemolytica,
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respectively; no significant GO-BP terms were enriched for M. bovis. 47, 15, and 15 pathways
were enriched by gene classifiers identified for BRSV, IBR, and M. haemolytica, respectively;
no pathways were enriched for BVDV and M. bovis. Overlap of the GO-BP terms and pathways
identified for each etiological group is seen in Figure 5.4A and 5.4B. BRSV and IBR possessed
the highest overlap of functional associations, with 37 GO-BP terms and 12 pathways shared
between the two. Complete list of GO terms and pathways identified is available as
Supplemental file S4 in publication. GO-BP terms and pathways between BRSV and IBR were
primarily related to type I interferon production and signaling, cellular metabolism and ATP
production, unfolded protein response, antigenic cross presentation, and IL-8 secretion. Between
BRSV, IBR, and M. haemolytica, 12 GO-BP terms and 4 pathways were shared across all three.
GO-BP terms and pathways between BRSV, IBR, and M. haemolytica were related to innate
immune response, apoptosis, and unfolded protein response. M. haemolytica differed in
functional enrichment with processes and pathways related to neutrophilic activation and
degranulation, classical and alternative complement activation, and immunoglobulin-mediated
humoral immunity. All five etiological groups shared genes involved in heat-shock protein
response.

Discussion
Over the past several years, RNA-Seq analysis has been utilized in bovine disease
research to evaluate gene expression related to risk of BRD development, stress response, and
viral lesion development (Tizioto et al., 2015; Behura et al., 2017; Johnston et al., 2019; Scott et
al., 2020; Scott et al., 2021; Sun et al., 2020; Barreto et al., 2018; Lim & Mathuru, 2020).
Primarily, studies that generate RNA-Seq data utilize statistical platforms and techniques for the
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detection of differentially expressed genes and subsequent construction of functional networks or
modules. Most RNA-Seq studies are thus limited in extrapolatory capacity, as analyses are often
performed through subsampling single populations and fitting fixed statistical models, which
may be conservative when analyzing gene expression datasets with overdispersion (Lim &
Mathuru, 2020; Cai et al., 2017). Fortunately, publicly available gene expression repositories,
such ace the NCBI Gene Expression Omnibus, make it possible to acquire, integrate, and analyze
datasets related to a particular field or disease. Such studies have been performed in mammalian
species, including cattle, to better characterize genomic mechanisms and protein production
related to a particular disease or condition (Rabaglino & Kadarmideen, 2020; Lagani et al., 2016;
Libbrecht & Noble, 2015). Additionally, with the dynamic capacity for analysis that supervised
ML models allow, it is possible to explore and characterize gene expression patterns associated
with clinical BRD with profound sensitivity (Rabaglino & Kadarmideen, 2020; Libbrecht &
Noble, 2015). We therefore demonstrated the ability to integrate gene expression data from
controlled BRD experiments and determine expression patterns and classificational potential
through supervised ML analysis.
Some of the limitations of this study are evident. First, data was integrated from three
studies, two of which utilized the same animals for their transcriptome analysis (Tizioto et al.,
2015; Behura et al., 2017). While a clear separation in gene expression patterns was appreciated
across tissue types, corroborating the findings Behura and colleagues (2017), utilizing samples
from a limited number of animals and at single time points may not account for the heterogenous
nature of gene expression related to BRD development and clinical presentation (Lim &
Mathuru, 2020; Liu et al., 2014). Additionally, these samples were acquired from cattle
experimentally challenged with single pathogens. BRD models using single etiological
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components often fail to elicit severe disease, as described by the three preceding studies used
here, and may not fully represent the complex nature of the disease process seen with naturally
occurring BRD (Theurer et al., 2015; Colby et al., 2017). Moreover, RNA-Seq analysis remains
a relatively new modality in BRD research, and publicly available data is limited at this time.
Nonetheless, this study is the first to evaluate host transcriptomes related to BRD with integrated
supervised ML methodology, corroborates many of the gene expression findings previously
identified, and may serve as a template for modern data analysis in bovine health research.
Between all testing groups and the six algorithms utilized in this study, the support vector
machines (SVM) model typically performed the best in terms of classification capacity. While
originally utilized in microarray experiments, this algorithm is popular for genomic classification
research in RNA-Seq, as it has been shown to discover cancer biomarkers in humans, classify
genes related to early conception in cattle, and to automate single-cell RNA-Seq identification
(Rabaglino & Kadarmideen, 2020; Huang & Xu, 2018; Abdelaal et al., 2019). While this
algorithm was capable of accurately classifying BRSV and IBR challenged samples, compared
to controls, this model is a non-sparse classifier and therefore does not have a built-in process for
feature selection and gene extraction within MLSeq. Therefore, particular interest was placed on
the PLDA, PLDA2, PAM, and VNSC algorithms, as subset of genes used to drive classification
decisions can be obtained. The compiling of samples for classifying total BRD, viral, and
bacterial challenge yielded mixed results. For total BRD, sparse classifiers PAM and VNSC
yielded high specificity for identifying the challenge animals, but performed poorly in discerning
from the controls, as illustrated by the accompanying sensitivity and balanced accuracy. This
finding may understate the complexity and distinction of infective processes associated with each
etiological component, and highlights that an all-encompassing approach may be inappropriate
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for determining etiological BRD. To lesser extent, this is similarly found when compiling
bacterial samples, as discernment from controls was relatively poor. Viral samples yielded much
higher overall balanced accuracies, compared to the bacterial counterparts. Regarding sparse
classifiers, BRSV, IBR, and BVDV were capable of being classified with high balanced
accuracy (100%, 100%, 86.67%, respectively) through the PAM model; IBR was also identified
with 100% balanced accuracy with PLDA2.
Generally, viruses were independently the most well classified, followed by M.
haemolytica. Collectively, BRSV and IBR were well defined by genes involved in the
production and response to type I interferons. More specifically, these genes were seen to be
driven primarily by lymphoid tissue, as opposed to the lungs (expression module 1, Figure 5.2).
This result, coupled with the subsequent lack of type I interferon genes from BVDV tissue,
corroborates findings previously described (Tizioto et al., 2015; Behura et al., 2017).
Biologically, the lack of this innate interferon response has been described as a potential
immunosuppressive response driven by BVDV, allowing for persistent infection and viral
shedding (Cheng et al., 2017; Peterhans & Schweizer, 2013; Peterhans et al., 2003; Alkheraif et
al., 2017). Notably, non-cytopathic BVDV strains used in experimental infection models, such as
the one utilized in this project, have been shown to reduce proinflammatory signaling (Behura et
al., 2017; Lee et al., 2008). While the functional enrichment of the genes classified for BVDV
were largely non-specific, several have been previously identified and have known
immunological functionality (Tizioto et al., 2015; Behura et al., 2017). Related to M.
haemolytica, there was apparent overlap in functionality of genes identified through ML (Figure
5.4). Largely, this was driven by genes encoding for heat shock proteins, calreticulin, talin 1, and
X-box binding protein. These proteins have mechanistic properties during apoptotic and cell
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stress events, and may ultimately impact immunoglobulin production and cellular oxidation/toxic
clearance (Liu et al., 1998; Kober et al., 2012; Lenny & Green, 1991; Xu et al., 1997).
Additionally, genes classified in M. haemolytica were unique to the activation of classical and
alternative pathways of complement. While complement-related genes were identified across all
viruses in those differential expression studies and here, the alternative complement component
CFB was only identified in M. haemolytica. This may be an indication that the presence and
activation of alternative complement is more indicative of inflammation and disease associated
with lipopolysaccharide, often caused by extracellular bacteria such as M. haemolytica ((Rice et
al., 2007; Paréjet al., 2018).
Lastly, novel findings were identified through visual expression modules identified in
Figure 5.2. Expression module 2 possessed 19 genes largely decreased in disease lung tissue
sampled from cattle experimentally challenged with Mycoplasma bovis, Mannheimia
haemolytica, and IBR. It is often assumed that the oxygenating capability is diminished in acute
respiratory disease, and this expression module provides evidence of this event, as these genes
are largely related to aerobic ATP synthase and mitochondrial function (Mayr et al., 2004;
Sonawane et al., 2019; Fearnley & Walker, 1986; Dautant et al., 2018). Expression module 3
possessed nine genes largely increased in bronchial lymph node tissue sampled from cattle in the
control group and BRSV. These genes possess important roles in T-cell proliferation, integrin
activation and antigenic presentation through actin/tubulin reorganization (Martín-Cófreces et
al., 2011; Erasmus et al., 2016; Yago et al., 2015; Lichtenfels et al., 2012). Potentially, this
serves as an underlying mechanism of immunological stimulation unique to lymph nodes of the
lower airway.
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Conclusion
This study was conducted to approach integrated RNA-Seq datasets with supervised ML
methodology. This approach allowed for a novel and comprehensive analysis of immunological
tissues related to experimentally induced BRD. Through ML, viral-induced BRD, specifically
with BRSV and IBR, was capable of being classified against controls 100%, regardless of tissue
type. This experimental investigation illustrates a novel and powerful manner of approaching
BRD research with RNA-Seq modality.
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Table 5.1

Sample information for three studies used in ML identification

NCBI
BioProject ID

Animal
breed

Animal
age

Number
of
animals
n=23
challenge;
n=4
control*

Tissue types

PRJNA272725

Angus x
Hereford
(steers)

6-8 mon

PRJNA272725

Angus x
Hereford
(steers)

6-8 mon

n=19
challenge;
n=4
control*

Lung (healthy),
lung (lesion),
retropharyngeal
lymph node,
nasopharyngeal
lymph node,
pharyngeal
tonsil

PRJNA543752

HolsteinFriesian
(bulls)

~4 mon

n=12
challenge;
n=6
control

Bronchial
lymph node

Bronchial
lymph node

*Samples were collected from the same animals
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Etiological
agents used
in challenge
BRSV
(n=4),
BVDV
(n=4), IBR
(n=4), M.
haemolytica
(n=4), P.
multocida
(n=4), M.
bovis (n=3),
control
(n=4)
BRSV
(n=4),
BVDV
(n=4), IBR
(n=4), M.
haemolytica
(n=4), M.
bovis (n=3),
control
(n=4)
BRSV
(n=12),
control
(n=6)

Sequencing
platform

Publication

Illumina
HiSeq
2000; 50bp
PE

Tizioto et
al., 2015

Illumina
HiSeq
2000; 50bp
PE

Behura et
al., 2017

Illumina
NextSeq
500; 75bp
PE

Johnston et
al., 2019

Table 5.2

ML performance across all testing sets

Test set

Features
Tested

Accuracy

Accuracy
upper

Accuracy
lower

Kappa

McNemar
p-value

Sensitiv
ity

Specifi
city

Preval
ence

Detectio
n rate

BRD
PLDA

22062

0.5870

0.7300

0.4323

0.0839

0.0665

0.5000

0.6111

0.2174

0.1087

0.5556

BRD
PLDA2

22062

0.5870

0.7300

0.4323

-0.0282

0.3588

0.3000

0.6667

0.2174

0.0652

0.4833

BRD
NBLDA

22062

0.5652

0.7107

0.4111

-0.0502

0.2636

0.3000

0.6389

0.2174

0.0652

0.4694

BRD
SVM

22062

0.8478

0.9366

0.7113

0.4015

0.0233

0.3000

1.0000

0.2174

0.0652

0.6500

BRD
PAM

22062

0.7391

0.8573

0.5887

0.1737

0.7728

0.3000

0.8611

0.2174

0.0652

0.5806

BRD
VNSC

22062

0.7826

0.8905

0.6364

0.2532

0.3428

0.3000

0.9167

0.2174

0.0652

0.6083

Virus
PLDA

21685

0.6765

0.8261

0.4947

0.3909

0.0026

1.0000

0.5769

0.2353

0.2353

0.7885

Virus
PLDA2

21685

0.7647

0.8925

0.5883

0.4809

0.0771

0.8750

0.7308

0.2353

0.2059

0.8029

Virus
NBLDA

21685

0.7353

0.8712

0.5564

0.3953

0.1824

0.7500

0.7308

0.2353

0.1765

0.7404

Virus
SVM

21685

0.9412

0.9928

0.8032

0.8211

0.4795

0.7500

1.0000

0.2353

0.1765

0.8750

Virus
PAM

21685

0.9118

0.9814

0.7632

0.7650

1.0000

0.8750

0.9231

0.2353

0.2059

0.8990

Virus
VNSC

21685

0.7941

0.9130

0.6210

0.5296

0.1306

0.8750

0.7692

0.2353

0.2059

0.8221

Bacteria
PLDA

21162

0.7143

0.8872

0.4782

0.3636

0.1336

0.6667

0.7333

0.2857

0.1905

0.7000

Bacteria
PLDA2

21162

0.8095

0.9455

0.5809

0.4167

0.6831

0.3333

1.0000

0.2857

0.0952

0.6667

Bacteria
NBLDA

21162

0.8095

0.9455

0.5809

0.4815

0.6171

0.5000

0.9333

0.2857

0.1429

0.7167

163

Balanced
accuracy

Table 5.2 (continued)
Test set

Features
Tested

Accuracy

Accuracy
upper

Accuracy
lower

Kappa

McNemar
p-value

Sensiti
vity

Specifi
city

Preval
ence

Detectio
n rate

Balanced
accuracy

B
acteria
SVM

21162

0.8571

0.9695

0.6366

0.6316

1.0000

0.6667

0.9333

0.2857

0.1905

0.8000

Bacteria
PAM

21162

0.7619

0.9178

0.5283

0.2222

0.0736

0.1667

1.0000

0.2857

0.0476

0.5833

Bacteria
VNSC

21162

0.7143

0.8872

0.4782

0.0000

0.0412

0.0000

1.0000

0.2857

0.0000

0.5000

BRSV
PLDA

20692

0.9474

0.9987

0.7397

0.8834

1.0000

1.0000

0.9231

0.3158

0.3158

0.9615

BRSV
PLDA2

20692

0.9474

0.9987

0.7397

0.8834

1.0000

1.0000

0.9231

0.3158

0.3158

0.9615

BRSV
NBLDA

20692

1.0000

1.0000

0.8235

1.0000

N/A

1.0000

1.0000

0.3158

0.3158

1.0000

BRSV
SVM

20692

1.0000

1.0000

0.8235

1.0000

1.0000

1.0000

1.0000

0.3158

0.3158

1.0000

BRSV
PAM

20692

1.0000

1.0000

0.8235

1.0000

1.0000

1.0000

1.0000

0.3158

0.3158

1.0000

BRSV
VNSC

20692

0.6842

0.8742

0.4345

0.0000

0.0000

0.0000

1.0000

0.3158

0.0000

0.5000

IBR
PLDA

20858

0.9375

0.9984

0.6977

0.8710

1.0000

1.0000

0.9000

0.3750

0.3750

0.9500

IBR
PLDA2

20858

1.0000

1.0000

0.7941

1.0000

N/A

1.0000

1.0000

0.3750

0.3750

1.0000

IBR
NBLDA

20858

0.9375

0.9984

0.6977

0.8710

1.0000

1.0000

0.9000

0.3750

0.3750

0.9500

IBR
SVM

20858

1.0000

1.0000

0.7941

1.0000

N/A

1.0000

1.0000

0.3750

0.3750

1.0000

IBR
PAM

20858

1.0000

1.0000

0.7941

1.0000

N/A

1.0000

1.0000

0.3750

0.3750

1.0000

IBR
VNSC

20858

0.5000

0.7535

0.2465

-0.2308

0.2888

0.0000

0.8000

0.3750

0.0000

0.4000
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Table 5.2 (continued)
Test set

Features
Tested

Accuracy

Accuracy
upper

Accuracy
lower

Kappa

McNemar
p-value

Sensiti
vity

Specifi
city

Preval
ence

Detectio
n rate

Balanced
accuracy

BVDV
PLDA

20468

0.5625

0.8025

0.2988

0.2432

0.0233

1.0000

0.3000

0.3750

0.3750

0.6500

BVDV
PLDA2

20468

0.5000

0.7535

0.2465

0.0000

0.7237

0.5000

0.5000

0.3750

0.1875

0.5000

BVDV
NBLDA

20468

0.5000

0.7535

0.2465

0.0000

0.7237

0.5000

0.5000

0.3750

0.1875

0.5000

BVDV
SVM

20468

0.7500

0.9273

0.4762

0.5294

0.1336

1.0000

0.6000

0.3750

0.3750

0.8000

BVDV
PAM

20468

0.8750

0.9845

0.6165

0.7333

1.0000

0.8333

0.9000

0.3750

0.3125

0.8667

BVDV
VNSC

20468

0.3750

0.6457

0.1520

-0.1765

0.3428

0.5000

0.3000

0.3750

0.1875

0.4000

M. bovis
PLDA

20345

0.3571

0.6486

0.1276

-0.2857

1.0000

0.4286

0.2857

0.5000

0.2143

0.3571

M. bovis
PLDA2

20345

0.6429

0.8724

0.3514

0.2857

1.0000

0.7143

0.5714

0.5000

0.3571

0.6429

M. bovis
NBLDA

20345

0.4286

0.7114

0.1766

-0.1429

0.2888

0.7143

0.1429

0.5000

0.3571

0.4286

M. bovis
SVM

20345

0.7143

0.9161

0.4190

0.4286

0.6171

0.8571

0.5714

0.5000

0.4286

0.7143

M. bovis
PAM

20345

0.7143

0.9161

0.4190

0.4286

0.1336

1.0000

0.4286

0.5000

0.5000

0.7143

M. bovis
VNSC

20345

0.5000

0.7696

0.2304

0.0000

0.0233

0.0000

1.0000

0.5000

0.0000

0.5000

M.
haemoly
tica
PLDA

20659

0.5000

0.7535

0.2465

0.0000

0.7237

0.5000

0.5000

0.3750

0.1875

0.5000

M.
haemoly
tica
PLDA2
M.
haemoly
tica
NBLDA

20659

0.5625

0.8025

0.2899

-0.1200

0.1306

0.0000

0.9000

0.3750

0.0000

0.4500

20659

0.6250

0.8480

0.3543

0.2500

0.6831

0.6667

0.6000

0.3750

0.2500

0.6333
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Table 5.2 (continued)
Test set

Features
Tested

Accuracy

Accuracy
upper

Accuracy
lower

Kappa

McNemar
p-value

Sensiti
vity

Specifi
city

Preval
ence

Detectio
n rate

Balanced
accuracy

M.
haemoly
tica
SVM

20659

0.7500

0.9273

0.4762

0.5294

0.1336

1.0000

0.6000

0.3750

0.3750

0.8000

M.
haemoly
tica
PAM
M.
haemoly
tica
VNSC

20659

0.7500

0.9273

0.4762

0.4667

1.0000

0.6667

0.8000

0.3750

0.2500

0.7333

20659

0.6250

0.8480

0.3543

0.0000

0.0412

0.0000

1.0000

0.3750

0.0000

0.5000

Calculations for ML performance metrics are defined by Goksuluk and colleagues (2019)
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Figure 5.1

MDS plot of 151 samples utilized for ML classification

Clustering was performed with Euclidian distances across the top 500 genes based on log2
standard deviation. Samples are demarked by color, representing the tissue site of sampling
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Figure 5.2

Heatmap of the 357 unique genes identified by top ML sparse classifier across all
151 samples

Ward clustering of samples and gene expression was performed with Euclidian distance and
Pearson correlation coefficients, respectively. Visual expression modules (1, 2 or 3) were
empirically identified by group dissimilarity across samples
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Figure 5.3

Matrix intersection of gene classifiers identified for each etiological sample type

572 genes identified by top ML sparse classifiers were visualized for determining functional
relevance and comparative uniqueness
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Figure 5.4

Venn diagram of GO-BP term (a) and pathways (b) enriched by genes identified
by top ML sparse classifiers across all etiological testing sets

a) No GO-BP terms were enriched for M. bovis. b) No pathways were enriched for BVDV or M.
bovis
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CHAPTER VI
CONCLUSIONS
Bovine respiratory disease (BRD) remains a leading health concern in beef cattle
production, despite decades of research and modification of management approaches. BRD is a
multifactorial complex, involving factors of the environment, etiological components, and host
response that culminate into a negative response (disease). However, the exact combination of
those components necessary to induce BRD is unclear, as evidenced by the inability of
researchers to consistently replicate severe clinical disease experimentally. Thus, it has been
difficult to understand the ecology of BRD. In the current time, modern biomedical science is
being driven by the acquisition and analysis of large-scale data. Thus, applying methods of data
science and high-throughput sequencing to scale and visualize the complex factors associated
with BRD allows for the capture and delineation of mechanisms and networks that drive disease.
Through these approaches, components of innate inflammation and host antimicrobial response
were seen to be related to clinical BRD acquisition or resistance. It appears that cattle capable of
mounting a proinflammatory mitigation response, through the enrichment and production of
specialized proresolving mediators (SPMs), resist severe clinical BRD and otherwise remain
healthy and productive. Cattle that naturally produces antimicrobial peptides, such as
cathelicidins, appear to be responding to various etiological causes of BRD, and may ultimately
be mounting an adequate defense that protects them from prolonged and severe disease. In
general, components of the alternative pathway of complement and TLR-4/IL-6 stimulation are
182

strongly associated with both the development and severity of BRD. And finally, the production
of type I interferons appears to be a robust mechanism in terms of responding to respiratory viral
agents, and their detection may be a highly precise mechanism for predicting BRD at arrival. For
the first time, the dynamics of BRD can be evaluated and charted, which may lead to the
development of highly accurate prognostic platforms and novel therapeutics. Such developments
and implications would reduce the burden of disease within animals and producers alike,
improving overall welfare and positioning precision management in agriculture. Therefore,
targeted management and molecular research from the findings depicted throughout this
dissertation are warranted.
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APPENDIX A
METADATA FOR CATTLE DESCRIBED IN CHAPTERS III AND IV
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2
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1

1

3
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1

1

1
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0.58
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B

102.4

0

2

6
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B

103.8

0

1

9
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1

1

0
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1.50

518

1.92
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B

103.6

0

1
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1

1

0
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660
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467
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S

102.6

0
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1

1
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B
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1

0

1
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45
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0.77
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B
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1

7
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1
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1

0

1
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1

0

1
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Treat3

Score_trt3

Temp3

113

0

6

1

1

2450

500

537

2.64

578

2.79

588

2.10

629

2.15

S

103.4

0

0

121

0

5

1

1

600

573

605

2.29

675

3.64

699

3.00

716

2.38

S

102.5

0

0

134

0

1

1

1

0

579

615

2.57

658

2.82

703

2.95

737

2.63

S

102.9

0

0

197

0

1

1

1

475

537

577

2.86

625

3.14

671

3.19

695

2.63

S

102.2

0

0

205

0

2

1

1

25

515

546

2.21

594

2.82

633

2.81

648

2.22

S

102.6

0

0

211

0

3

1

1

375

517

549

2.29

593

2.71

631

2.71

644

2.12

S

101.4

0

0

212

0

1

1

1

950

485

558

5.21

561

2.71

634

3.55

666

3.02

S

103.4

0

0

254

0

3

1

1

125

576

638

4.43

701

4.46

734

3.76

731

2.58

S

102.5

0

0

255

0

1

1

1

1000

479

542

4.50

573

3.36

611

3.14

628

2.48

S

102.5

0

0

272

0

3

1

1

450

514

552

2.71

620

3.79

635

2.88

671

2.62

S

102.6

0

0

266

0

5

1

1

25

528

579

3.64

618

3.21

640

2.67

671

2.38

S

102.3

0

0

295

0

7

1

1

0

501

506

0.36

557

2.00

598

2.31

626

2.08

S

102.8

0

0

118

1

3

1

1

450

451

428

-1.64

402

-1.75

423

-0.67

441

-0.17

S

102.8

0

3

9

1

105.8

12

2

102.5

19

3

N/A

155

1

3

1

1

250

498

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

S

101.7

1

2

4

1

106.0

11

3

104.6

166

1

6

1

1

300

511

510

-0.07

552

1.46

559

1.14

587

1.27

S

102.2

0

1

3

1

104.9

175

1

1

1

1

375

457

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

S

101.7

1

1

2

3

103.4

194

1

3

1

1

200

465

430

-2.50

449

-0.57

493

0.67

520

0.92

S

103.7

0

2

1

1

104.8

36

3

104.5

210

1

7

1

1

50

510

496

-1.00

526

0.57

508

-0.05

567

0.95

S

102.3

0

2

4

1

104.4

42

3

103.2

246

1

2

1

1

150

516

529

0.93

506

-0.36

530

0.33

530

0.23

S

105.1

0

2

6

1

104.9

42

3

102.3

248

1

2

1

1

600

482

457

-1.79

495

0.46

516

0.81

528

252

1

3

1

1

0

531

485

-3.29

480

-1.82

520

-0.26

N/A

0.77

S

103.6

0

1

3

2

104.7

N/A

S

103.0

1

53

3

14

2

105.6

24

3

103.6

28

3

104.7

274

1

1

1

1

75

528

568

2.86

553

0.89

N/A

N/A

N/A

N/A

S

102.6

1

32

3

1

2

104.7

22

3

104.6

32

3

N/A

285

1

2

1

1

200

523

535

0.86

594

2.54

646

2.93

602

1.32

S

102.2

0

1

7

1

104.8

287

1

3

1

1

600

536

470

-4.71

532

-0.14

569

0.79

558

0.37

S

103.1

0

1

14

1

104.0
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